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ABSTRACT

There is a gap between the current contribution of wind energy to the global
electricity generation mix and its potential capacity. This discrepancy underscores
the necessity for addressing social, economic, and technical hurdles that are imped-
ing the broader integration and acceptance of wind energy. The research focuses on
tackling the modelling challenges in wind energy by employing Surrogate Model (SM)
techniques, combining probabilistic methods, machine learning, and simulation tech-
nologies.

This dissertation aims to develop SMs capable of mapping wind time series to
the power output as well as extreme and fatigue loads on wind turbines. In this
dissertation, I try to answer a number of crucial questions: determining the most
effective type of SM for this mapping, identifying the optimal sampling method for
building these SMs, extending the applicability of the developed SMs with minimal
effort, and leveraging publicly available simulation tools and wind turbine models for
turbine health assessment. These objectives are essential for improving wind turbine
design, operation, and maintenance, enhancing their efficiency and reliability.

Throughout the dissertation, there is an effort to bridge the gap between theoreti-
cal research and practical application. The surrogate models developed are presented
as a contribution to the integration of theoretical concepts with practical applications
in the field of wind turbine design and maintenance. Central to this research is the
development of SMs for effectively mapping wind time series to the extreme and fa-
tigue loads experienced by wind turbines. The aim is to find the optimal SM type
that balances accuracy with computational feasibility. As the wind turbine faces di-
verse conditions, I propose adaptable methodologies to optimize the SM performance
across various settings. Additionally, I investigate the potential of combining publicly
available wind turbine models with probabilistic data-driven models to assess turbine
health.

First, a non-intrusive Polynomial Chaos Expansion (PCE) is constructed based
on the outputs from the NREL 5MW Blade Element Momentum (BEM) model,
demonstrating the convergence of sectional statistics in the results. Subsequently, I
utilize the SM to estimate thrust and torque on the rotor and perform a sensitivity
analysis of the extreme loads to the number of Monte Carlo Simulation (MCS) in
the SM. Transitioning from the PCE realm, I adopt a sequential Machine Learn-
ing (ML) method to map wind time series to the Damage Equivalent Load (DEL)
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of wind turbine loads. I demonstrate that the developed SM, based on a Temporal
Convolutional Network (TCN)-Fully Connected Neural Network (FCNN) architec-
ture, is capable of capturing the wind turbine structural dynamics. It demonstrates
adaptability in digesting the upstream wakes and accurately estimating the DEL uti-
lizing Transfer Learning (TL). Moving beyond purely synthetic data, I propose the
development of a probabilistic data-driven model, integrating limited wind turbine
measurements with synthetic data for wind turbine health assessment purposes. I
illustrate that an Approximate Gaussian Process Regression (AGPR) trained on a
year’s worth of Supervisory Control and Data Acquisition (SCADA) data, combined
with simulation outputs from a publicly available wind turbine model, emerges as a
promising probabilistic tool for wind turbine health assessment.
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Chapter 1
Introduction

“What giants?” said Sancho Panza.

“Those thou seest there,” answered his master, “with the long arms, and
some have them nearly two leagues long.”

“Look, your worship,” said Sancho; “what we see there are not giants but
windmills, and what seem to be their arms are the sails that turned by the
wind make the millstone go.”

“It is easy to see,” replied Don Quizote, “that thou art not used to this
business of adventures; those are giants; and if thou art afraid, away with
thee out of this and betake thyself to prayer while I engage them in fierce

and unequal combat.”
— Miguel de Cervantes, Don Quixote

In the contemporary era, humanity confronts unparalleled challenges posed by
climate change. This phenomenon, primarily attributed to unsustainable practices
in energy utilization, land exploitation, and consumption habits, has increased the
emission of greenhouse gases, thereby intensifying global warming [1]. The forth-
coming years are projected to witness an escalation of climate-related threats, both
to the natural environment and human societies. Manifestations of these threats
include more frequent and severe meteorological phenomena, heightened flood risks
in coastal regions, and an increase in both food- and water-borne diseases alongside
mental health issues [1]. Additionally, the loss of biodiversity and diminishing food
production capacities are emerging as critical concerns [1]. These multifaceted impli-

cations of climate change have propelled the issue to the forefront of public discourse



and media coverage [2]. This heightened awareness is also reflected in phenomena
such as “Climate Anxiety,” as identified in [3], and influences patterns in electoral

behaviour [4].

The exploration for a solution to climate change reveals that there is no universal
remedy. Achieving the objectives of the Paris Agreement necessitates a fundamental
transformation in our economic frameworks, energy infrastructures, and lifestyles to
curtail Greenhouse Gasses emissions. An analysis of sectoral contributions to global
Greenhouse Gasses (GHG) emissions highlights two primary areas of concern: trans-
portation and electricity generation (Figure 1.1). A significant reduction in the impact
of the transportation sector can be realized through the electrification of transport
systems, notably the adoption of electric vehicles. However, this raises a pertinent
question: what is the source of the electricity for these vehicles? A dual strategy is
essential: promoting electrification while simultaneously reducing emissions from elec-
tricity generation systems. The Intergovernmental Panel on Climate Change (IPCC)
report [1] suggests that renewable energy sources could potentially replace fossil fuel-

based electricity generation, thereby diminishing GHG emissions from this sector.
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Figure 1.1: GHG emission contributions from different sectors from 1990 to 2020 [5]

The transition from GHG sources of electricity generation to renewable energy is
underway, with wind energy experiencing notable growth. From the generation of ap-
proximately 4 TWh in 1990, global electricity production from wind energy surged to

2140 TWh by 2022. This represents a substantial increase in power generation from



this renewable source. Despite this progress, wind energy accounted for only 7.5%
of the total global electricity generation mix in 2022, while coal still contributed an
important 35% [6] (Figure 1.2). The difference between the current wind energy con-
tribution to electricity generation and its potential raises important questions about

what is blocking further growth.

Global Electricity Generation Mix in 2022 in percentage
Wind Hydro

Solar
‘ Other renewables
75 152 ’
45

2.7 Nuclear
9.1

51 o

Coal 22.1

Figure 1.2: Electricity generation sources mix in 2022 [6]

The obstacles impeding the advancement of wind energy can be systematically
categorized into several distinct domains, encompassing social, economic, and tech-
nical challenges [7, 8, 9]. Each of these areas presents unique limitations that must
be addressed to facilitate the broader integration and acceptance of wind energy as
a key component of the global energy mix. Veers et al. in [8, 10, 11] mapped out the
grand challenges and recommendations that wind energy research needs to tackle and
follow to ease the wind energy transition and its substitution for fossil fuel emitting

energy sources. One of the recommendations is:



“Novel approaches to the design process, investigating probabilistic
methods, machine learning, the use of reduced-order surrogate
models, and other techniques to address the stochastic nature
of the environment and incorporate inherent uncertainty in the
manufactured structures need to be investigated and brought
into common practice. A new design process that is better able
to capture the physics of inflows, scales, uncertainty, and high
dimensionality and to leverage advanced simulation capabilities is
critical to building turbines and plants suited to the requirements

and limitations of each site.” Veers et al.[11]

The research presented in this dissertation follows the aforementioned recommen-
dation. In this research, I developed surrogate models not only for design but also

for utilizing them in wind turbine operation and maintenance.

1.1 Background and motivation

Veers et al. in [11] introduces the future of wind energy technology goals. In short,

the goals are defined as:

e Optimizing the economic aspect of producing electricity through wind power.

e Minimizing the adverse social and environmental effects of wind energy tech-

nology.
e Integrating wind energy into a renewable-dominated energy mix.

o Shortening the design cycle empowered by simulation technology through “nu-

merical prototyping”.

These four goals are interrelated. Optimizing the economic aspect often leads to
an increase in turbine size, which impacts the social, environmental, and wind en-
ergy’s role in the energy mix. Additionally, larger rotors face more stochastic and
complex inflow, particularly in the floating offshore environment. Consequently, sim-
ulations need to account for a broader range of inherent stochasticity in both wind
and waves, necessitating a large set of mid to high-fidelity simulations. A viable so-

lution for our simulations and numerical prototyping is the development of Surrogate



Models (SM).

Some SMs originate from the field of Uncertainty Quantification [12]. In Uncer-
tainty Quantification (UQ), we run Monte Carlo Simulation to understand the distri-
bution of the model output. This involves taking samples from the input distribution,
running the model on these samples to obtain the output, and then analyzing the re-
sulting output distribution. However, this is a time and computationally-intensive
process. An alternative approach is to construct statistical models, or SMs, based
on a smart sampling method of the inputs and then fitting a regression model to the
outputs. SMs are essentially regression models that can take various forms, such as

polynomials, or a ML algorithm [13].

SMs have gained popularity in wind energy research in recent years. In the wind
energy domain, surrogate models have been developed for turbine design and opti-
mization, as well as for wind farm design, operation, and maintenance. Table 1.1
provides an overview of a selection of recent research in this field. The provided list,
while detailed, is not exhaustive highlighting the dynamic and evolving nature of the

subject matter and the potential for ongoing inquiry and discovery.

Table 1.1: SM in wind energy research overview. Abbreviations: Polynomial Chaos
Expansion (PCE), Machine Learning (ML), Artificial Neural Network (ANN), Gaus-
sian Process Regression (GPR), Supervisory Control and Data Acquisition (SCADA),
Conditional Variational Autoencoders (CVAE), Long Short-Term Memory (LSTM)

Reference Methodology Application

Dimitrov et al. PCE, quadratic response Fatigue load estimation
[14] surface, Kriging, impor-
tance sampling, nearest-

neighbour interpolation

Murcia et al. [15] PCE Wind farm layout opti-
mization

Dimitrov [16] ML - ANN Wake induced loads esti-
mation

Ananthan et al. ML - ANN Wind turbine load esti-

[17] mation



Reference Methodology Application

Schroder et al. ML - ANN Loads and reliability in a

[18] wind farm

Avendaiio- GPR Fatigue estimation of a

Valencia et al. turbine in wake

[19)

Mylonas et al. ML - CVAE Probabilistic blade fa-

[20] tigue estimation based on
SCADA

Dimitrov ~ and ML-ANN Wind farm optimization

Natarajan [21]

Jasa et al. [22] ML - ANN Blade design by control-
ling airfoil shape

Harrison-Atlas ML - ANN Wind farm control strat-

et al. [23] egy

Dimitrov and ML - LSTM Load time series predic-

Gogmen [24] tion

The literature highlighted in Table 1.1 aims to efficiently map inputs (e.g. wind
farm layout, inflow wind characteristics, rotor speed) to outputs (e.g. extreme loads,
fatigue loads, power), eliminating the need for costly numerical simulations of varying
fidelity levels. The common denominator of this mapping is the input consists of
two or more variables. This means the wind time series as the sole input to the
SM has not been utilized in previous research. The challenge here is considering the
methodologies to build SM on sequential data, wind time series do not provide enough
information, which is why a large number of simulations is required [16, 18]. Thus,
direct mapping of wind time series to extreme and fatigue loads on wind turbines
has not been extensively researched. However, recent developments in sequential ML
methods [25, 26] provide an opportunity to explore the possibility of mapping wind

time series to wind turbine loads.

1.2 Objective

In this dissertation, I aim to answer the following questions:



o What kind of the SM is required to map wind times series to the extreme and

fatigue load on a wind turbine?
o What is the optimum sampling method to build the SMs?
o How can we extend the applicability of the developed SM with minimum effort?

e How can we use the publicly available wind turbine models to help turbine

health assessment when the manufacturer model is unavailable?

The capability to correlate wind time series with load data presents considerable
benefits, especially in the application of proposed SMs within the realms of digital
twins, control systems, and practical scenarios. Concurrently, in research endeavors
where Supervisory Control and Data Acquisition (SCADA) data was accessible, mod-
els of wind turbines were readily available, as referenced in studies [27, 18, 19, 28, 24].
The use of publicly available models for evaluating the health of wind turbines of-
fers a strategic advantage by bypassing the intricacies related to intellectual property
rights, thereby providing significant value to both researchers and turbine owners.

This doctoral research initially extended the work of Fluck [29], focusing on
stochastic design and optimization utilizing SMs. Fluck developed an intrusive PCE
method to correlate wind conditions with load data. The intrusive approach, how-
ever, faced two major challenges: a) the necessity to modify the existing model into
a stochastic framework, and b) the issue known as the “curse of dimensionality.” To
align with prevailing industrial practices and tools, the research pivoted towards ex-
ploring non-intrusive PCE techniques. Despite successfully developing an SM based
on this methodology, the curse of dimensionality remained a significant obstacle, as

was the case with the intrusive approach.

In my endeavour to map wind time series to load data using PCE, a critical issue
arose: the outputs lacked auto-correlation inherent to wind and load time series. Sub-
sequently, the research explored the Proper Orthogonal Decomposition-Polynomial
Chaos Expansion methodology [30]. This method entailed decomposing the result
space into stochastic and temporal domains, with PCE managing the stochastic as-
pect and Proper Orthogonal Decomposition (POD) addressing the temporal domain
to address the auto-correlation in the output time series. Nevertheless, this approach

fell short of expectations, hindered by orthogonality constraints and the excessive



number of POD modes required, leading to a dimensionality problem akin to previ-

ous methodologies.

Following the challenges encountered with the POD-PCE approach, the research

underwent two pivotal evolutions:

e A redirection of research focus from the stochastic design space for machine op-
timization to applications in operation and maintenance. This shift was precip-
itated by the recurring dimensionality issues inherent in various methodologies
and the necessity for extensive simulation sets, which required frequent updates
during each optimization cycle. Additionally, the availability of operational

data during the research was a decisive factor.

e A methodological transition from reliance on polynomial-based SMs to the
adoption of ML based SMs which are generally non-linear and non-parametric.
The initial use of PCE for constructing SMs was conceived a decade ago, a pe-
riod when ML methodologies and tools were not as advanced as they are today.
The surge in ML tools and their increased accessibility and user-friendliness in

recent years motivated and facilitated this change.

Consequently, the research began employing sequential ML methods to map wind
time series to load time series. However, given that the wind turbine industry pri-
marily focuses on analyzing fatigue or extreme loads resulting from load time series,
the research objectives were realigned towards mapping wind time series directly to
fatigue or extreme loads. This emerging trend is corroborated by recent studies in
the field, as noted in the work of Dimitrov et al.[14, 16, 18, 24].

The overarching goal is to develop a versatile and efficient SMs capable of trans-
lating wind time series into fatigue and extreme load data on wind turbines, and
wind turbines generated power. The potential applications for this SM are diverse,

encompassing:

e Wind farm design and optimization, where the SM can adeptly account for wake

effects from neighbouring turbines.



e Wind turbine health assessment, enabling the SM to provide insights into the

structural integrity of turbines.

e Predictive control of wind turbines, utilizing the SM to anticipate incoming

inflows and subsequently reduce turbine loads.

o Enhancement of wind turbine Digital Twin, where an expedient SM can refine
the tuning procedures of Digital Twin (DT)s.

It is crucial to remember that this list is not exhaustive and can include more

options.

1.3 Research contribution

This dissertation aims to develop and build SMs for mapping wind time series to the
loads on a wind turbine, with applications in wind farm design and optimization, and
wind turbine health assessment. The research contributes the following advancements

to the state-of-the-art knowledge:

1. Development of a non-intrusive PCE-based SM for time marching output of

Blade Element Momentum simulations.
(a) Demonstration of rotor loads sectional statistics convergence in the output
for a reference case with 48K simulations.

(b) Evidence that a limited number of sectional SMs are sufficient for accurate

load estimation.
(c) Exploration of extreme load sensitivity to the number of MCS in the SM.
2. Development of a sequential ML-based SM to map wind time series to Damage
Equivalent Load.
(a) Construction of an extensive simulation database using Sobol’s sampling.
(b) Validation of the developed SM’s ability to accurately predict DEL.

(c) Ilustration of the SM’s capability in understanding wind turbine structural

dynamics.
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(d) Development of a simplified wake model and demonstration that the SM

can accurately predict DEL for turbines in wake conditions using TL.

3. Development of a Gaussian Process Regression-based SM, trained on a database
assimilating SCADA data, to map wind speed to DEL and load averages.

(a) Creation of an extensive database assimilating SCADA measurements based

on a publicly available wind turbine model.
(b) Confirmation of accuracy of the trained GPR in predicting test DEL.
(c) Accuracy of the GPR’s validated against the SCADA loads and tower top

acceleration.

(d) Demonstration that GPR, using a publicly available model and minimal
SCADA measurements, can serve as a primary tool for wind turbine health

assessment.

1.4 Dissertation outline

This dissertation presents a series of three interconnected manuscripts, each published
or submitted to academic journals. Collectively, they form a cohesive narrative, offer-
ing an in-depth exploration of the research topic. Each chapter includes an abstract,
introduction, methodology, and conclusion, providing a comprehensive understand-
ing of the research. The nomenclature is consistently explained in the text across
all chapters, with the same abbreviations employed throughout the dissertation. In
Chapter 2, a few tables have been reformatted from the original manuscript to fit the

typesetting of this dissertation. The structure of the dissertation is as follows.

Chapter 2 builds upon the work of Fluck, advancing a non-intrusive PCE for BEM,
with a focus on unsteady optimization. This chapter presents an analysis of unsteady
wind aerodynamics, revealing stationary characteristics using standard turbulence
models. The analysis is based on outputs from NREL 5MW reference machine BEM
simulations. I introduce a non-intrusive PCE method to construct a SM for the rotor
thrust and torque statistics at each time step, enhancing the accuracy and efficiency

of extreme statistics estimation.
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Chapter 3, the core chapter of the dissertation, represents the culmination of two
significant research evolutions. It proposes a data-driven approach for calculating
DEL on wind turbines, utilizing a SM based on aeroelastic simulation outputs. The
chapter explores the use of sequential ML techniques to map wind speed time series
to DEL, enabling rapid and efficient DEL calculations. The versatility of the trained
surrogate models is demonstrated, including their ability to digest wind turbine struc-
tural dynamics and application to turbines in wake scenarios and the use of transfer

learning to refine prediction accuracy.

Chapter 4 details the construction of a GPR model, trained on a combination of
SCADA measurements and synthetic data. Addressing the challenge of wind turbine
structural health assessment, this chapter begins by creating a hybrid database in-
tegrating aero-servo-elastic simulations from publicly available wind turbine models
and tools with SCADA data. GPR models are then developed to predict wind turbine
loads, with validation against both hybrid simulations and SCADA measurements.
The results underscore the potential of GPR models, trained on publicly available
models and limited SCADA data, as valuable tools for wind turbine health assess-

ment.

The dissertation concludes with Chapter 5, summarizing the main findings, dis-
cussing the limitations and assumptions of the research, and proposing directions for

future work in this area.
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Abstract

In typical industrial practice based on IEC standards, wind turbine simulations are
computed in the time domain for each mean wind speed bin using a few number of
unsteady wind seeds. Software such as FAST, BLADED or HAWC2 can be used to
capture the unsteadiness and uncertainties of the wind in the simulations. The statis-

tics of these aeroelastic simulations output are extracted and used to calculate fatigue
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and extreme loads on the wind turbine components. The minimum requirement of
having six seeds does not guarantee an accurate estimation of the overall statistics.
One solution might be running more seeds; however, this will increase the computa-
tion cost. Moreover, to move beyond Blade Element Momentum (BEM)-based tools
toward vortex/potential flow formulations, a reduction in the computational cost as-
sociated with the unsteady flow and uncertainty handling is required. This study
illustrates the unsteady wind aerodynamic statistics’ stationary character based on
the standard turbulence models. This character is shown based on the output of
National Renewable Energy Lab (NREL) 5MW reference machine Blade Element
Momentum (BEM) simulations. Afterwards, we propose a non-intrusive Polynomial
Chaos Expansion (PCE) to build a surrogate model of the loads’ statistics, the ro-
tor thrust and torque, at each time step, to estimate the extreme statistics more

accurately and efficiently.

2.1 Introduction

The process of calculating loads on wind turbine components is one of the core parts
of wind turbine aerodynamic and structural design and optimization. In the last
few decades, international organizations have developed different aeroelastic codes
such as Fatigue, Aerodynamics, Structures, and Turbulence (FAST') [1], BLADED |[2]
and HAWC2 [3] to accurately calculate load time series based on the standardized
or site-specific environmental conditions. Engineers and researchers use wind turbine
aeroelastic simulation output statistics to calculate extreme and fatigue loads on wind
turbine structures and estimate the unsteady power. To take into account the ran-
domness in the unsteady wind, according to IEC standards [4], the simulation process
must use a semi Monte Carlo (MC) method. Therefore, a full simulation set should in-

clude a limited number of seeds for generating multiple wind speed time series of 600s.

In normal practice, for each mean wind speed, at least six different seeded unsteady
wind time series are required as the minimum to take into account the uncertainties.
This limited number of unsteady simulations does not yield an entirely accurate esti-
mation of the statistics. Gradient-based optimization algorithms may not deal with
these inaccuracies well. One option to solve this problem is running more seeds, which
will increase the computational cost. The increase in computational cost will play a

more critical role in our decision making if we want to move towards vortex [5] and
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potential flow codes for load calculations, as they require more computation resources
inherently. An alternative approach to direct simulation is to use a surrogate model
that can provide us with an accurate statistical estimation set based on a limited

number of simulations.

The origin of the surrogate model lies in Uncertainty Quantification (UQ) analysis
[6]. There are many uncertainty quantification implementations in wind energy. More
specifically, surrogate models show much potential in wind farm load estimation, wind
turbine optimization or reliability analysis. Many researchers have investigated these
potentials. For example, [7, 8, 9, 10] used surrogate models to estimate the loads on
a wind turbine based on the stochastic variables gross parameters such as turbulence
intensity, mean wind or wind direction. [11, 12, 13] used surrogate models for uncer-
tainty propagation through the wind turbine models. More recently, the surrogate
models have been used for the wind turbines reliability assessments [14, 15]. Also,
[16] and [17] showed the application of surrogate model in wind turbine optimization.
However, very few have looked at building a surrogate model of the aerodynamic
model of wind turbine based on the random phases as the input. Fluck and Crawford
showed an initial attempt to build a surrogate model based on intrusive Polynomial
Chaos Expansion (PCE) on simple lifting line and BEM models [19, 18]. As they were
quickly faced with curse of dimensionality, they showed it is possible to reduce the
number of random variables in Veers’ unsteady wind model significantly. Afterwards,
they used this reduced dimension wind model to propagate stochasticity through a
simple lifting line [21] or BEM [18] model. However, with intrusive PCE it is neces-
sary to change the model implementation fundamentally to incorporate the random
variables [6]. This might work for a simple model, but when we want to utilize com-

mercially available aeroelastic codes, this will be challenging or even impossible.

This paper’s goal is to build a non-intrusive PCE surrogate model of a determinis-
tic aerodynamic model driven by stochastic unsteady wind. This study’s implemented
aerodynamic model takes wind time series as input and calculates thrust and torque
on a NREL 5MW turbine rotor using BEM. The motivation is to build a surrogate
model based on a limited amount of simulation data to estimate the statistics of the
aerodynamic model output at each time step of the time series quickly. Having this
surrogate model at hand helps us explore and experience the opportunities it can

provide. This output guides future research in the surrogate model realms for us in
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the long run. The surrogate model investigation presented is an exploration of the
potential benefits and limitations of PCE-based time-domain surrogate models, to

help researchers and practitioners develop future surrogate modeling approaches.

As the surrogate models are inherently cheap to run, we take this surrogate model
through a MCS large number of times. The input of these MCS are the samples
drawn from the uniform random variables. The unsteady wind generator uses the
same random variable distribution to make sure the generated time series will match
a Gaussian process [20]. This process is presented in Figure 2.1 schematically. By
this method, we can reduce the computational cost and time for the aerodynamic
simulation, without compromising the validity of the results. One can interpret this
model as a tool to map the input distribution (in this case, an uniform distribution of
random seeds-phases) to the output distribution (in this case, distribution of thrust

and torque on the rotor).

Kaimal Spectrum

~

Wind Speed Output Output Distribution

Unstead! ]
Wiid Y — M {NMWEM _>Aer&doy;;m|c )
Generator s mamnd

Deterministic
g L Model

Uniform Random Variable

Surrogate Model

Figure 2.1: The common deterministic process of aerodynamic modeling vs the sug-
gested surrogate model method schematic flow chart.

Fitting a surrogate model at each time step of 600s of the aerodynamic output
times series, using the random phases (Figure 2.1), is computationally expensive and
redundant to current practice. Therefore, we start by showing that the aerodynamic
simulation results based on Veer’s reduced model [22] statistically converges. We also
show that the unsteady wind aerodynamic process’s statistical properties are con-
stant in time (stationary process). Therefore, by keeping the computational effort

the same, it is possible to run more simulations while shortening the length of the
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simulations. Furthermore, more simulations with the same computational effort give
us the chance to fit higher degree PCEs, which provides a more accurate estimation
of the statistics. We build four different PCEs surrogate models, with four different
polynomial degrees (degrees two to five) to pick the best in terms of accuracy and
computational cost trade-off. These surrogate models have been used for MCS for a
large number of runs (cheaply). The results of the MC runs of the surrogate models
are compared with 48000 unsteady wind aerodynamic simulation results. In this case,
the simulation results are the thrust and torque forces induced on the NREL 5MW
in an unsteady wind. We compare the results by looking at the thrust and torque
distribution from both the deterministic and surrogate models. Finally, we show how
the extreme loads extracted from the MCS can converge to the extreme loads from

the results from 48000 unsteady wind aerodynamic simulation results.

This paper is organized as follows. Section 2.2 describes the unsteady wind genera-
tion and aerodynamic model. Sections 2.3 and 2.4 explain the and statistical elements
and PCE method used in the study. Next, in section 2.5, we set out the approach to
tackle the challenge. Section 2.6 provides the BEM simulation results, convergence
of the sectional statistics the PCE fit on the sectional statistics and the emulations
output. At the end of the results section, we discussed the accuracy and efficiency of
the surrogate models developed in this study. This paper concludes in Section 2.7,
reiterating the key findings of the study and offering suggestions for fruitful future

work in the area of wind turbine surrogates.

2.2 Models

This section provides an overview of the unsteady wind generation basics and aero-

dynamic model used in this study.

2.2.1 Reduced Veers unsteady wind model

One famous unsteady wind model in the wind turbine community is the Veers model
[20]. The history of the model goes back to the late 80s’ and has a long record in
wind turbine load calculation practice. Very briefly, Veers unsteady wind model is

inherently an inverse Fourier transformation. The 1-D unsteady wind time series at
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location P is generated via:

Uoo(tn) = Y 1/ St @mint2mém) (2.1)

For this inverse Fourier transformation in Eq (2.1), the frequencies w,, and are
taken from the Kaimal spectrum (Figure 2.1). The random phases are based on the in-
dependent random variable &, drawn from a uniform distribution over [0, 1]. Finally,
the amplitude S,, is specified based on the power spectrum at the frequencies w,, [23].

In load calculation practice, Veers’ model for the unsteady wind is the method to
generate turbulent boxes, commonly implemented in TurbSim [24]. The method is
briefly explained in [22] and extensively in [20]. To make the unsteady wind in Turb-
Sim, this method uses a large number of random variables on the order of thousands
is required [24]. This large number of random variables pushes the surrogate model
problem into the curse of dimensionality very quickly. Therefore, building a PCE
surrogate model is almost impossible. To tackle this issue, Fluck and Crawford [21]
showed that using only ten uniformly distributed independent random variables with
ten frequencies logarithmically sampled from the Kaimal spectrum [20] is enough for
building unsteady wind time series. This Reduced Veers’ model generated unsteady
wind that can capture the same level of randomness and probability distribution as
the full model. This study used this reduced Veers model to generate unsteady wind
time series. This method does not lead to a model that fully replaces high fidelity
Turbsim outputs but rather a surrogate model necessity to study trade-offs of various

accuracy and assumption aspects.

The randomness in the generated unsteady wind comes from the ten random
variables, ¢;, in the & vector describing the frequency components’ phases 27§, in
the reduced Veers model in Eq. (2.1) [22]. Based on the Veers method [20] and in
TurbSim [24], the employed sampling method is a pseudo-Random Number Gener-
ator (pRNG) which is the basis of MCS. However, the problem with this way of
sampling for MCS is the lack of control over the random variables’ domain as it may
fill some voids in the domain and may leave some of it empty [25]. Therefore, the
random domain may not be filled evenly for the same reason. For this study, a low

discrepancy Quasi Monte Carlo (QMC) sampling method, namely the Sobol sequence
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[26] is used to draw samples from the random variables in this work to calculate the
PCE coefficients via the point collocation method. It is worth mentioning that we
did not consider any uncertainties in the PCE coefficients. The main reasons to se-
lect the Sobol sequence over other sampling methods are the samples’ consistency
and computational efficiency [27]. A custom random wind generator based on the

reduced Veers model used these samples to generate unsteady wind fields.

2.2.2 Aerodynamic model

The aerodynamic model for this study is a BEM model [23] with frozen wake based on
the work of [28]. This non-linear BEM model is used to run simulations on a NREL
5MW [29] rotor to calculate thrust and torque on the rotor. For the simulations, the
rotor speed was kept constant based on the mean wind speed of the simulations. Also,
the pitch angle was set according to the data provided in [29]. There is no controller
involved in the simulations. The unsteady wind defined in the previous section is set
at 100m hub height and remains the same on the rotor. The Python package for BEM
is bemused [28]. The NREL 5MW model characteristics and properties are extracted
from [29]. The model employed in this study for the simulations and surrogate model
is essentially equivalent to the NREL 5MW model in any wind turbine aerodynamic
code (e.g. FAST, BLADED and HAWC), but nicely formulated in Python. The
model and analysis code used in this work has been previously verified against the
NREL 5MW full model using BLADED by Lupton [30].

2.3 Statistical convergence metric

For this study, we want to investigate the null hypothesis that cross-sectional statis-
tics (statistics at each time step) of a combination of a large number of aerodynamic
simulation outputs are similar. In other words, we want to investigate if the statisti-
cal properties of the output at each time step converge as a function of the number
of simulations (stationary process) for the non-linear stochastically autocorrelated
system. Figure 2.2 presents a generic example of distributions (histogram fits) at
each time step for a set of realizations of one random process. (The figure shows

a schematic plot; therefore, histograms and fitted distributions do not represent the
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plotted trajectories.)

To show that the sectional statistics of a large number of simulations are conver-
gent, we need a metric to quantify the difference between the distributions at each
time step. There are different metrics for this purpose [31]; for this study, we use
Hellinger Distance (HD) [32] as a metric due to its ease of application and interpre-
tation. The HD is the metric to quantify how similar two probability distributions
are to each other. The distance is zero if they are the same and is one when the two
distributions are disjoint. The HD for two discrete probability distributions P and

@, which have an equal number of bins, can be formulated as:

k

H(P,Q) = %\l S (VB — Va)? (2.2)

i=1
In Eq.(2.2), p; and g; are the probabilities for P and @ at every bin. In our case, to
make the comparison fair, not only the number of bins are the same, but also the
bin width is the same for both P and (). This assures us that there is no artificial

distance reduction in the results.

PDF /Histogram

Figure 2.2: A schematic drawing presenting possible distributions at each time step
based on a set of time trajectories for a Quantity of Interest (Qol)

In this study, we use HD to show the cross-sectional statistics changes for a large
number of simulations is minimal. Therefore, we can shorten the simulations without

losing the accuracy of the sectional statistics. We also use the HD as an error metrics
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to compare the accuracy of the MCS with the reference case. The reason behind
choosing this measure, instead of simply looking at the mean and stand deviation
difference, is the distribution of the aerodynamic model output. As the next section
we will show, the distribution of the aerodynamic output is a Weibull distribution.
Therefore, comparing mean and standard deviation would not provide us the full

statistical picture.

2.4 Polynomial Chaos Expansion Fundamentals

Uncertainty propagation of mathematical models has been the subject of many stud-
ies in the last thirty years. One method to propagate uncertainty is using models of
models, called surrogate models. A surrogate model is a cheap-to-run approximation
of the actual model [33]. Among surrogate models, the Polynomial Chaos Expan-
sion (PCE) has gained attention especially after the work of [34] and [35]. PCE is a
method that uses a variable described by its statistical distribution (random variable
€) and projects the model onto a basis of polynomials. This way, the uncertainty can
be propagated through the model with a limited number of simulations [36]. In other
words, PCE is a technique to estimate the response of a mathematical or numerical
model based on a series of orthogonal polynomials, which are functions of a random
variable £&. The solution is expanded and described in stochastic space spanned by &

and the associated polynomial basis.

The main reasons to use PCE instead of other surrogate model methods are;
a) with minimum computational effort, one can extract statistical moments directly
from PCEs; b) PCEs are easy to integrate into deterministic linear and non-linear
mathematical models; ¢) one can build PCE surrogate model by treating the model

as a black box [37, 38] using a non-intrusive formulation.

In order to illustrate the application of PCE surrogates, assume Y (,,) = M(¢,, §)
where ¢, is time step n, and £ is the random variable vector, M(t,, ) is our deter-
ministic time marching mathematical model and Y'(¢,,) is the output of the model at
time step n. Therefore, the stochastic output of the model Y (¢,, &) can be expanded

as:
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Y (10, €) = o ws(tn) () 23)

where y;(t,) are PCE coefficients at each time step and ¥;(€) is a member of an
orthogonal polynomial class. These polynomials are orthogonal with respect to the
probability space of random variable £&. The selection of the polynomial type is a
function of the probability distribution on the random variable £. For example, if a

random variable & has a normal distribution, then a Hermite polynomial is selected
[39].

The polynomials do not necessarily need to be selected from the specific polyno-
mials family as long as they are orthogonal polynomials. For instance, [18] showed
exponential components worked best for their purposes. As the randomness in this
study comes in the form of a uniform distribution for wind frequency component
phases ¢;, the surrogate model is based on the Legendre polynomials [35]. In prac-
tice, the PCE summation in Eq (2.3) is truncated at a reasonably high order p. The
task of fitting the expansion in Eq (2.3) is finding the coefficients y;(t). There are
two main approaches to solve this problem:

e the intrusive approach where the model is projected on the orthogonal poly-
nomials using a Galerkin projection [40]. This approach requires building a
detailed stochastic model from the deterministic model governing equations.
The intrusive approach was used by [21, 18] to build a surrogate model on
lifting line and BEM models.

e the non-intrusive approach allows calculating the PCE coeflicients from a series
of deterministic model evaluations. This approach considers the model as a
black box and does not require any model modification [6, 41]. There are
two sub-categories to calculate the coefficients, namely simulation methods and

quadrature methods [6].

The presented work uses the non-intrusive approach to calculate the PCE co-
efficients. In the non-intrusive approach category we primarily used a simulation
method to calculate the PCE coefficients. In mathematical form, the output of the
aerodynamic model M,e,(t,, &) at time step n is thrust Trt(t,) and torque Trq(t,).
Therefore, one can re-write Eq. (2.3) as:
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Trt(t,, &) ~ Z T;(t,)¥;(€) (2.4)

Trg(tn, €) ~ 3 7i(t)¥i(E) (25)

where the goal is to calculate the polynomial coefficients T;(¢,) and 7;(t,) at each
time step. This surrogate model’s input is the random variable £ vector used in the
reduced Veers model to generate the unsteady wind. The surrogate model’s output
is the thrust and torque at a specific time step for which the surrogate model is built.
The main difference between Eq. (2.3) and (2.4)(2.5) is the approximation with fi-
nite polynomial series expansion, as it is not feasible to take into account an infinite
number of polynomials. This work’s surrogate model is built employing the Python
toolbox chaospy [42]. chaospy is a numerical tool for uncertainty quantification us-
ing different methods, including PCE. For this study, we used the point collocation
method to calculate the coefficients due to the ease of implementation in the chaospy
toolbox. This method has been explained well in the literature (see [43], [34], [6])-

2.5 Swurrogate Modeling Methodology

In this piece of work, whenever we talk about simulations, we mean aerodynamic
simulations in time using the BEM aerodynamic model introduced above. The input
of the aerodynamic simulations is what we call wind time series or unsteady wind
and is auto-correlated by construct. This wind time series is generated based on the

reduced Veers model explained above.

This study starts with running an extensive set of simulations based on the re-
duced Veers model at 12m/s mean wind speed, aerodynamic simulation model and
Sobol sampling, explained previously. This wind speed is the rated power wind speed
for NREL 5MW. Afterwards, as we have a large number of simulations output in our
database, we can show that the thrust and torque statistics with time are not chang-
ing significantly. Therefore the statistical process properties at each time step (e.g.
mean, standard deviation, etc.) would be significantly similar to other time steps.

Knowing the process statistics stays the same in time, we conclude that only building
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a single surrogate model, i.e., a single time-step or a few ones, would suffice for our
purpose. The accuracy of the PCEs depends on the polynomial degree. However,
an increase in the polynomial degree pushes the problem further toward the curse of
dimensionality. The number of required coefficients to build the surrogate model and
the required number of simulations are presented in Table 2.1. Eq (2.6) presents the
formula to calculate the number of PCE coefficients. In Eq. (2.6), M is the required
number of coefficients, IV is the number of random variables, and P is the polynomial

order.

(N + P)!
PN

The table shows we need a large number of simulations to build an accurate PCE.

M+1= (2.6)

According to Hosder et al. recommendation, twice the number of simulations M + 1
can provide acceptable accuracy for the point collocation method [44]. That recom-

mendation is the basis for the number of simulations in this study.

We want to limit the computational cost for a single average wind speed to 6 times
600s simulations (in total 3600s) to be competitive with the standard practice in wind
turbine aerodynamic simulation. Combining a large number of simulations and 3600s
cumulative simulations length leads to a large number of short simulations instead of
a few long ones. We kept the simulation’s cumulative length at 3600 seconds to make
this trade-off fair. This means that as the simulations’ length decreases, the number
of simulations increases. Sobol sampling is the base of the unsteady wind generation
and input to the aerodynamic simulation setup. For every set of the required number
of simulations in Table 2.1, the random phases are drawn independently from the
rest of the sets. For example, for the second row of Table 2.1, when we need 132
simulations, 132 unique samples of £ are drawn from the random domain. These &
have not been used for other simulation sets. By having a large number of data points
at each time step, we built a few surrogate models in time and compared the results
with the simulations’ reference case. For the sake of accuracy, in this study, we do

not build any surrogate model based on 1st-degree polynomials.

Another approach to calculate the coefficients is Gaussian Quadrature (GQ). This

method has been extensively explained in the literature e.g. [45]. There are also ex-
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Table 2.1: The number of coefficients and required data points to calculate the coeffi-
cients for 10 random variables and using the point collocation method. This number
of coefficients should be calculated for every time step. The last column demonstrates
the simulation length for the fitted PCEs as explained in Section 2.6.

Polynomial deg. No of coeff. + 1 No of req sim Sims. length to fit PCEs [s]

1 11 22 163.6
2 66 132 27.3
3 268 536 6.7
4 1001 2002 1.8
3 3003 6006 0.6

tensions to GQ referred to as Sparse Gaussian Quadrature (SGQ) methods that seek
to reduce the number of simulations required to fit the surrogate (e.g. Smolyak). Our
tests show that for a standard GQ method with 10 random variables and polynomial
orders 2, 3 and 4 we need 59049, 1048576, 9765625 evaluation points respectively. On
the other hand, the Smolyak sparse approach for GQ [45, 46|, will reduce the number
of evaluation points drastically. We tested the SGQ method for polynomial orders
of 2,3 and 4 with 10 uniform random variables and the Smolyak sparse approach
for SGQ. The number of the required evaluations for each polynomial order is 221,
1581 and 8761, respectively. We ran the evaluations for the SGQ method, calculated
the weights and built the polynomials. However, the results were not as promising
as expected. The results from the SGQ method are shown and briefly discussed in
Section 2.6.4

For a stationary input (Reduced Veers model), the sample statistics of output
converges at the rate of 1/4/n, where n is the number of data points (in this case,
48000 data points at a one-time instance). Consequently, it is possible to estimate the
statistical parameters of the output distribution by different methods. One possible
approach is using the maximum likelihood estimator [47]. A question that then arises
is why we go through the complication of building a surrogate model. The research
goal we present here is to build a surrogate model of an aerodynamic model, whether
the aerodynamic model is simple or complex, with the model capable of resolving the
form of the performance statistics, as an alternative to estimation methods. We chose
an aerodynamic model that is easy to simulate while complex enough to capture the

inherent non-linear behaviour. Hence, the specific aecrodynamic example model does
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not compromise the validity of the method we introduce here to later more complex
aeroelastic simulations with e.g. FAST or BLADED.

2.6 Results

This section presents the results of our numerical experiments. We start by looking
at the HD of a large number of aerodynamic simulation output, thrust and torque,
and show the distance does not change significantly. Therefore, the sectional statis-
tics are almost the same across time steps. Afterwards, based on that conclusion, we
built a number of surrogate models for polynomial orders of 2 to 5 from a limited
number of simulations and show the statistics match the reference case. Finally, we

show how extracted extreme thrust and torque are comparable with the reference case.

2.6.1 Sectional Statistical Convergence

As mentioned before, in Section 2.5, we started by running a broad set of refer-
ence simulations. For this case, we ran 48000 simulations for a 12m/s wind speed
and turbulence intensity of 0.16. The wind generator code took 48000 samples from
a 10 dimensional uniform distribution domain based on the quasi-random sampling
method. Each sample is a 10 by 1 vector of §;, and we have 48000 of them. 48000 wind
speed time histories were generated, and simulations on the aerodynamic models run
with a time step of 0.1s for 630s (in total 6300 time steps per simulation), with 30s

transient period. We discarded the transient period for all the processes in this study.

This simulation setup builds a database for the investigation and shows that the
process distributions at each time step changes are insignificant. Initially, we started
calculating the histogram at each time step with identical binning for all of them.
Afterwards, using the HD formulation, each histogram’s distance to the other his-
tograms (5999 other histograms) was calculated and stored in a matrix. Each row of
this matrix shows the histogram difference at one time-step compared to the other
ones. Therefore, this is a symmetric matrix with zeros on the diagonal. What is im-
portant is the maximum of all of the data in the matrix; in Figure 2.3a and 2.3b, we
show the max of the HD at each time step for the aerodynamic model simulation out-

puts. The HD is a normalized metric, and the distances are shown in the percentage.
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The plot shows a comparison of all the 18 million possible combinations to calculate
the HD for each model output. For the simulation outputs (thrust and torque), the
distributions’ difference does not exceed 2.21%. This shows a sound coherence in the
statistics at each time step. Therefore, we can conclude that building a surrogate
model on a limited number of time steps, or even one time step, is enough, and it
is not necessary to create a surrogate model on every time step as predicted by the

aerodynamic model form.

Max. Hellinger Distance Upper bound= 2.17% ===+ Lower bound= 1.19% Max. Hellinger Distance Upper bound= 2.21% ===+ Lower bound= 1.17%

+ for Torque[%)

e for Thrust %

r distanc

Max. Hellinger distanc

Max. Hellinge

(a) (b)

Figure 2.3: Maximum HD for thrust and torque at each time step. The upper and
lower bounds for the ezxtreme of the HD are indicated.

2.6.2 PCE Surrogate Model Construction

We use the same simulation setup as explained above for the reference case to run the
specified number of simulations in Table 2.1. These simulations are input for building
the surrogate models. The number of samples drawn from the 10 dimensional uni-
form random space is equal to the number of simulations in Table 2.1. The employed

sampling method is Sobol, as tests show it provides a better convergence for the PCE.

Referring to Figure 2.3, and the discussion in Section 2.6.1, the changes in statis-
tical properties at each time step are minimal. Therefore, one surrogate model that
can accurately emulate the sectional statistics of the aerodynamic simulations’ output
would suffice. Knowing this means building surrogate models is more feasible from a

computational cost perspective.
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As explained in Section 2.5, we fit surrogate models at every time step of a large
set, of short simulations instead of a few long ones for increasing polynomials order P.
The number of simulations is based on the polynomial order as shown in Table 2.1.
The length of the simulations that the surrogate model is built on every time step
is the last column in Table 2.1 to keep the cumulative length of the simulations at
3600s. Although it was unnecessary, for polynomial degrees 3 to 5, we build surrogate
models at every time step of the whole 10s worth of simulations to have an acceptable
sample size for direct comparison. The chaospy [42] toolbox was used to perform the

task of building these surrogate models.

Figure 2.4 compares the descriptive statistics (first quartile @, second quartile
@2 and third quartile Q)3) for both thrust and torque from the reference case with
48K simulation outputs and 48K MCS of the surrogate model build at each time step.
The results in Figure 2.4 show the PCE fits for four polynomial degrees; P on each
plot indicate the polynomial degree. As the polynomial degree increases from P = 2
to P = 4, the fit to the reference case improves, as is expected. However, it seems
there is more error in the mean value and quantiles when we move from P = 4 to
P =5 for both thrust and torque. This increase in the error is explained further in
Section 2.6.3 and Figure 2.6. We calculate the average difference for the MCS and
reference case over time for @)1, @2 and Q)3 from Figure 2.4 for polynomials P = 4
and P = 5. This is presented in Table 2.2.
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Figure 2.4: The @1, @2 and Q3 comparison from the reference case (48K simulations)
and extracted values from PCEs for both trust and torque. The number of simula-
tions used to build the PCEs and polynomial degree P are mentioned on the plots.
The cumulative data length of 3600s sufficient to build surrogates is shown with the

vertical line.
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2.6.3 Surrogate Model MCS

PCE surrogate models were constructed in the previous section. Those surrogates
can now be exercised via MCS to quickly provide output sampled statistics with-
out actually running further simulations. We initially ranked the surrogate models
constructed for each time-step based on their mean values and standard deviations
for each polynomial order separately to choose a single PCE surrogate model for the
MCS carried out next. As the surrogate models are constructed as PCEs, mean and
standard deviation extraction is a simple step from the PCE coefficients [48]. After
ranking the surrogate models, we selected the middle mean surrogate model from the
ranked succession for each polynomial order. That provided us 4 surrogate models

for thrust and 4 surrogate models for torque, one per polynomial order.

Next, we took the selected surrogate models thorough MCS of the surrogate mod-
els 10° times. Essentially, we took random samples from our 10 dimensional random
domains 10° times and inserted those in the PCEs (Eq. (2.4) and Eq. (2.5)). The
MCS outputs are then used to check the surrogate model’s accuracy. One can argue
that this method is cherry-picking the surrogate models. This argument is valid for
the low order (P = 2,3) polynomial surrogate models. However, from Figure 2.4
we know these polynomial are not accurate regardless of which one we choose. This
inaccuracy is more visible in Figure 2.6. For polynomials of orders 4 and 5, referring
to Figure 2.4, the polynomial selection procedure induces an insignificant effect on

the statistics.

To verify the surrogate models’ accuracy, we use the HD explained in section 2.5.
This time, the HD shows the difference between the surrogate model’s 106 MCS out-
puts per polynomial order with the reference case at every time step. This procedure
provides a vector of HDs for each polynomial degree, where the vector’s length is the
same as the number of time steps in the simulations. As HD is sensitive to binning,
the bins are identical for each polynomial order surrogate model. The same bins were
used to calculate the reference simulations’ histograms at each time step. Figure 2.5
shows the average HD changes within a narrow band for each polynomial degree. For
the order 4 and 5 polynomilas, we calculate the average of the HDs over 600s. The

averaged HD presented in Table 2.2 serves as an error metric for the surrogate models.
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Figure 2.5: HD between the different polynomial order surrogate models for one
million MCS of the selected thrust and torque surrogates and the reference case
simulations 48K at every time step

Afterwards, we compare the histogram of those with one arbitrary time step of
the reference case of 48000 simulations. For each polynomial degree, regardless of the
reference case time-step location in the time series, the difference between the refer-
ence case and the MCS only depends on the polynomial order. In other words, the
difference between the MCS result histogram and the reference case histogram was
only dependent on the polynomial degree and not the position of the time-step in the
time series as expected for a stationary process. Figure 2.6 compares the histogram
of 10® MCS for the middle mean ranked surrogate model to the reference case at one

arbitrary time step for four polynomial degrees.

(a) Thrust (b) Torque

Figure 2.6: Thrust and torque Surrogate models with one million MCS vs the refer-
ence case histogram
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Figure 2.6 shows how the surrogate models match the simulations output his-
togram. It is visible that the polynomials order P = 3 and P = 4 can cover the
non-linearity in the results, while the second-order polynomial cannot. Polynomial
order P = 5 does not work well for both thrust and torque. Although we met the
rule of thumb for the number of simulations as mentioned in Table 2.1, this shows an
under fit for P = 5. This means more simulations are required to make the fit feasible.
Both Figures 2.5 and 2.6 show that P = 4 provides an acceptable accuracy for the
surrogate models. Therefore, further tests on the surrogate models with P = 5 ap-
pear unnecessary. From Figures 2.5 and 2.6 we can conclude that the PCE surrogate
model with polynomial order P = 4 is accurate enough to emulate the aerodynamic
model with an acceptable accuracy, while covering its non-linearity.

Another metric to show the accuracy of the surrogate model is Normalized Root
Mean Square Error (NRMSE), also known as Ly norm error. The NRMSE is calcu-
lated for every time step for the first 10s by running MCS for the surrogate model
P = 4 for the same input as the reference case simulations. This means we use the
same samples we took from the 10 — D random variables to generate the unsteady
wind and then calculate the 48K reference case to run the surrogate model MCS.
Figure 2.7 shows the error against time. As expected and visible from Figure 2.4
the NRMSE is higher for torque and lower for thrust. In both cases, the maximum
NRMSE is less than 10%. This error is deemed acceptable as the surrogate model
aims to provide overall accurate statistics and not point-to-point accuracy in the es-
timation and is necessarily a trade-off between speed and accuracy in the intended
applications. Recall from Equations (2.4) and (2.5) that the PCE method is formu-
lated as an expansion over the space formed by polynomials which are functions of
random variables. The simulation method of fitting the PCE coefficients is essentially
performing a statistical fit across the summative set of simulation results, rather than
optimizing the surrogate fit to a specific simulation. The NRMSE comparison here is
therefore perhaps unfair to the intent of the PCE model, the earlier comparisons of
MCS histograms and HDs more appropriate metrics for the proposed PCE surrogate
model approach.

Figures 2.5, 2.6 and 2.7 show the PCE surrogate model has succeeded with the
samples from the 10 — D uniform distribution and converts them to an approximately
Weibull distribution for both thrust and torque. This result highlights the ability of
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Figure 2.7: Surrogate models P = 4 NRMSE for both Thrust and Torque with respect
to the reference case

the PCE surrogate in this study to deal with the inherent non-linearity of the com-

bination of unsteady wind generation and aerodynamic model together.

Table 2.2: The average HD for polynomials P = 4 and P = 5 and the quantile values
difference for 1M MCS for thrust and torques with respect to the 48 K reference case.

Case No of Sim.  Avg.HD [%] Thrust [%)] Torque [%)]
Thrust Torque @1 @2 Q3 @1 Q2 Qs
PCEP =4 2002 5.6 5.0 0.90 0.05 050 494 244 0.21
PCEP =5 6006 8.7 6.1 3.36 1.03 242 14.12 6.22 1.10

2.6.4 SGQ PCE results

As mentioned in Section 2.5, we also calculated the coefficients for the PCE using
the SGQ method for the polynomial orders 2, 3 and 4. We used the same procedure
described in the previous sections to run the simulations, build the surrogate models
(using chaospy), and select the surrogate models. This results in 6 surrogate models
(3 for thrust and 3 for torque). We checked the accuracy of the surrogate models in
the same manner as explained in the previous section. We ran 106 MCS on the 6
selected surrogate models and compared the histograms of the results with the his-
togram from one arbitrary time step from the reference case of 48000 simulations.

The results of the investigation are presented in Figure 2.8.
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Figure 2.8: Thrust and torque Surrogate models based on SGQ with one million MCS
vs the reference case histogram

The results in Figure 2.8 show the SGQ method is less accurate than the point
collocation method used in the previous section. Although the SGQ method requires
more evaluation points than the point collocation method, the under-performance of
the SGQ method is consistent for all the polynomial orders. As the initial accuracy
test for the SGQ method did not provide comparable results with the point collo-
cation method, we did not pursue further investigation of the SGQ method in this
study. This finding is in line with literature that shows point collocation typically
outperforms the SGQ in accuracy and efficiency [49].

The HD Figures 2.9a and 2.9b show the difference between the SGQ surrogate
model’s 106 MCS outputs per polynomial order with the reference case at every time
step. The HD is much larger than what we showed in Figure 2.5 using the point
collocation method to build the surrogate models.



38

=60

ger distan

Thrust Hellin
Torque Hell

100 200 300 100 500 600 1 0 3 4 0l
(a) Thrust (b) Torque

Figure 2.9: HD between the different polynomial order surrogate models for one
million MCS of the selected thrust and torque SGQ surrogates and the reference case
simulations 48K at every time step

2.6.5 Surrogate model efficiency

Building the surrogate models aims to emulate the output of the actual model in an
accurate and computationally efficient fashion. To inspect success in this respect,
we start with computation time required to run 2002, 6006 and reference case 48K,
600s aerodynamic simulations. The previous section shows that we do not need the
600s length simulations to build the surrogate models. Based on what we showed in
Section 2.6.3, the required time to run 1s simulations (10-time steps) and building
one surrogate model are provided. The computational time in Table 2.3 includes the
unsteady wind generation. Additionally, we record the time required to build one
surrogate model. The time to build one surrogate model for both thrust and torque
is similar, and the average is provided here. As IEC standards [4] asks for at least six
aerodynamic simulations per average wind speed, we register the time for that set of
aerodynamic simulations also. We perform aerodynamic simulations and surrogate
model building on Compute Canada WestGrid clusters. The CPU time for the aero-

dynamic simulations and building the surrogate models is presented in Table 2.3.

The computational time to build one surrogate model is long for P = 5. This
is due to employing the point collocation method to calculate the PCEs coefficients.
The point collocation method is inherently a regression method, using least squares
to minimize the error [42]. For a more complex aeroelastic model, the simulation

times would be increased, potentially substantially, shifting the balance of compu-
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Table 2.3: The computational time required to run aerodynamic simulations, building
the surrogate models. SM stands for Surrogate Model, and CP stands for Common
Practice.

Case No of Sim. Sim. length Comp. time 1 SM
PCEP =14 2002 1s 10s 1min 2s
PCEP =5 6006 1s 31s 15min 54s
CP 6 600s 18.62s N/A

Ref. case 48000 600s 41h 55min 48s N/A

tational time from PCE construction toward aeroelastic simulations. Of course, the

aeroelastic simulations may be parallelized on available computing infrastructure.

After building the surrogate models, we ran large sets of MCS for the PCE surro-
gate models with the polynomial order 4 (as it is the most accurate one) and tracked
the required time to run the MCS. All the MCS were performed on Compute Canada
WestGrid clusters. The computation time for the MCS is shown in Table 2.4. As
the computational time difference between thrust and torque is insignificant, the one

which took longer is mentioned here.

Table 2.4: Computational time to run MCS on the surrogate models with polynomial
order 4.

No. MCS simulations Surrogate model P =4

10, 100, 1K < 0.1s
10 K < 0.25s
48 K 0.85s
100 K 1.70s
1M 30.84s
10 M 5min 51s
100 M 55min 33s
288 M 2h 40min 1s
500 M 4h 46min 36s

The number of time steps in the reference case is 288 M (6000 time-steps multi-
plied by 48000 aerodynamic simulations). Therefore, to have a fair comparison we
can compare computational time for the reference case in Table 2.3 with 288 M MCS

in Table 2.4. Adding up the computational time required for the surrogate model
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input simulations and building the surrogate model, still, the MCS is more efficient

by a big margin.

The ease of running MCS provides the ability to have more samples from the
random domain. More samples from the random domain cover more of the statistical
domain and capture the extreme loads more efficiently than running time march-
ing aerodynamic simulations and extrapolation. Figures 2.10 and 2.11 present the
comparison between different MCS set sizes and the reference case aerodynamic sim-
ulations, maximum, 99th percentile Pyg, 95th percentile Pys and 90th percentile Py.
The maximum load and the percentiles extracted from the P = 4 surrogate models

run for both thrust and torque are shown in relation to the number of MCS.

According to IEC standards [4], the maximum load needs to be calculated based
on the mean of the max (mean-max) of at least six seeds of unsteady wind aero-
dynamic simulations per average wind speed. Therefore, we randomly grouped the
reference case simulations (48K simulations) into 8000 unique groups to have a fair
comparison with the common practice. Afterwards, the mean of the max per group,
and the 90th percentile Pyg, 95th percentile Pys and 90th percentile Py, of each group
is calculated. These data are presented in Figures 2.10 and 2.11 as clouds of dots for

both thrust and torque.

To extract the maximum value that matches the full reference case aerodynamic
simulations, we need to run a large number of MCS. Figure 2.10 and 2.11 show for the
PCE order 4 the maximum thrust and torque from the MCS matches the reference
case around almost 1000 MCS. Looking at Pyg, Pos and Py, for both surrogate models,
the convergence happen at around the same number of MCS. Figures 2.10 and 2.11
show after 1K or 100K MCS the percentiles are close to the reference case. Interest-
ingly, the mean-max output from the grouped aerodynamic simulations has a wide
distribution. This shows the inaccuracy of looking at a small number of simulations
to calculate the extreme loads. This distribution is smaller for the percentile data;
however, it is not comparable with the convergence of MCS outputs. Also, looking at
the grouped simulations output, and compared to the standard practice (mean-max)

and Py, illustrates the conservative design approach of the IEC standards [4].

Referring to the computational time required to build the surrogate model and
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Figure 2.10: Maximum load and percentile comparison between the aerodynamic
simulations reference case, the MCS and groups aerodynamic simulations for thrust

then running the MCS, these plots show promising results to extract accurate extreme
loads from the surrogate models in a computationally efficient manner. Here again, it
is emphasized that the utility of the proposed PCE-based surrogate, with MCS of the
constructed surrogate and examination of the statistical loads distributions is the key
contribution of the work. The point-to-point accuracy of the model for a single run of
the surrogate, as discussed earlier is not the focus of the surrogate, but rather the over-

all computational costs and accuracy in spread of loading conditions that is our focus.
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2.7 Conclusion

This paper’s aim is to build a non-intrusive surrogate model of time marching aero-
dynamic simulations. The form of the surrogate model used in this paper is a PCE.
In Section 2.5, we explained the aerodynamic model used for this study. Then, we
briefly described the method that we are using to build the PCEs. One major chal-
lenge with the building of the surrogate models is the curse of dimensionality, which

we tried to tackle by using a reduced Veers model.

We showed how by increasing the number of simulations, the results’ statistics
converge and do not change in time. As a result, building a few accurate surrogate
models, or even one, for a small length of time would suffice for our purpose. In
other words, time does not have any meaning in the sectional statistics. Therefore, to
build an accurate surrogate model, we can significantly reduce the simulation length
while increasing the number of simulations. In the results section, we showed the
surrogate model using a fourth-order polynomial built on 2002 simulations with a
length of 2s gives us sufficiently accurate results in large MC runs to obtain output
statistics. Afterwards, we demonstrate the surrogate model’s efficiency by comparing
the computational time required to run the aerodynamic simulations and build the

surrogate model with the required time for running MCS to have accurate statistics.
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Also, we show the high percentile values extracted from the MCS match the reference

case with a relatively low number of MCS and thus computationally efficient.

The BEM-based aerodynamic model approach is well known in the literature and
research. We choose 30s transient time for the simulations to ensure they do not
include any transition results. As the model is a less complex BEM which is quick to
run, this is not a challenge. However, for future work with actual aeroelastic codes
(e.g. FAST), a smart way to deal with initialization time is essential;, otherwise,
increasing the number of simulations and the model complexity would be very expen-
sive. For example, if the required initialization time is 60s (default in FAST), and
we want to increase the number of simulations from 6 six hundred second simulations
(minimum requirement according to [4]) to 6006 two-second simulations, we are not
doing any good in terms of computational cost. Aeroelastic and longer wakes will be
studied for this challenge and blended or common initialization period will be trialled.

Another challenge is the practical application of this surrogate model. The sur-
rogate model that we build in this study is one or a few time steps, each inherently
the same due to the statistical similarity. If we want to build one time series from
this surrogate model, we have to sample the 10 dimensional random domain for the
number of time steps to have a time series to post-process. For example, suppose we
want to have a 600s time series of thrust or torque with the time step of 0.1s for the
aerodynamic model that we developed in this study. In that case, we need to take
6000 samples from the 10 dimensional uniform distribution random domain, and run
MCS for each. However, this would provide us with 6000 thrust and torque values,
which will miss the auto-correlation, which is inherent in the generated unsteady
wind, in the results. This drawback is crucial if we, for instance, want to calculate
fatigue loads from the surrogate model. This challenge will require a surrogate form
capable of resolving the correlation between time steps. [18] did this previously for
intrusive PCEs of an aerodynamic model, however as mentioned before, that can get

very complicated for more advanced models.

Using non-conventional polynomials, such as what [18] did, might result in a more
efficient polynomial that requires fewer number simulations to build the surrogate
model. Finally, we want to implement the method on commercial wind turbine simu-

lation packages such as FAST to test the approach in future work. It is important to
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again note however that the physics model used in the current work is equivalent to
FAST, just conveniently formulated in Python for our surrogate model development
efforts. The notion of the “reduced Veers model” worked for the aerodynamic simu-
lations we used in this study. However, this reduced model would not be efficient and
sufficient to move towards commercial wind turbine packages. Therefore, a new ap-
proach to reduce the data in a “turbulence box” [24] spatially and temporally would
be necessary. Similar work has been done in [50] and will be explored together with
expansions of the methods invested by [22] using velocity increments across the wind
field.
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Abstract

Aeroelastic simulations are used to assess wind turbines in accordance with IEC
standards in the time domain. Doing so can calculate fatigue and extreme loads on
the wind turbine’s components. These simulations are conducted for several reasons,
such as reducing safety margins in wind turbine component design by covering a wide
range of uncertainties in wind and wave conditions, and meeting the requirements

of the digital twin, which needs a thorough set of simulations for calibration. Thus,
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it’s essential to develop computationally efficient yet accurate models that can replace
costly aeroelastic simulations and data processing. We suggest a data-driven approach
to build surrogate models for the DEL based on aeroelastic simulation outputs to
tackle this challenge. Our method provides a quick and efficient way to calculate DEL
using wind input signals without the need of time-consuming aeroelastic simulations.
Our study will focus on utilizing a sequential ML method to map wind speed time
series to DEL. Furthermore, we demonstrate the versatility of the developed and
trained surrogate models by testing them for a wind turbine in the wake and using

transfer learning to enhance their prediction.

3.1 Introduction

For design, optimization and maintenance purposes of a wind turbine, wind turbine
researchers and engineers need to simulate a wind turbine’s dynamic behaviour. This
has been done based on the IEC standards [1] using time-marching aeroelastic codes
such as FAST [2], HAWC [3] or Bladed [4]. We utilize these time-marching simulations
to calculate extreme and fatigue loads on wind turbine components caused by wind
and wave as the inputs. The time-marching simulations are necessary for our work
and research as they enable us to consider the inherent and necessary non-linearity
in the wind turbine models. As both wind and waves are stochastic processes, a large
set of simulations is preferred to understand the turbine behaviour fully and consider
the uncertainty the stochasticity introduces. However, this increase in the number of
simulations increases the computational costs. One solution to this is developing a

computationally efficient SM which is cheaper to run yet accurate for our purposes.

The concept of the SM can be traced back to the field of UQ analysis, as stated
in [5]. SMs, emulators or response surfaces are simple representations of a complex
model, which can map the input to the output. At the same time, they can encapsu-
late the complexity of the original model [6]. Asher et al. provides an overview of the
different categories of SMs [7]. There are different methods to develop a SM such as
PCE [8, 9], or GPR [10, 11]. Recently, the application of ANN and ML has become in-
creasingly prevalent among researchers and engineers developing SMs [12, 13, 14, 15].
This trend can be attributed to the widespread recognition of the ANN as a way to
approximate any complex function with a few layers with high accuracy [16], and the

increase in the data accessibility and availability.
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Researchers and engineers have been using SMs for increasingly diverse applica-
tions in the wind energy domain. In the load emulation domain, [17, 18, 19| utilized
PCE, Kriging, and ANN SMs to approximate wind turbine loads by considering
stochastic variables such as turbulence intensity, mean wind, and wind direction. [20]
employed a GPR-based SM to predict the fatigue load on a wind turbine affected
by the wake in an onshore wind farm. Similarly, [21] used multiple SMs, such as
GPR and ANN, to map inflow parameters in an array of wind turbines to the fatigue
loads of the wind turbines in that array. [22] used a GPR-based SM for UQ of an
offshore wind turbine’s fatigue based on a wide range of environmental and structural
variables. [23] employed polynomial interpolation as an SM for estimating ultimate
loads on a wind turbine, while [24] used a random forest-based SM for ultimate load
emulation. [25] implemented a probabilistic SM for offshore wind turbine loads using
chained GPR. [26] utilized an SM as an aerodynamic emulator for real-time testing
of floating wind turbines. In a different approach, Fluck and Crawford used intrusive
PCE to build a surrogate model for lifting line and BEM models [28, 27]. Similarly,
Haghi and Crawford built SMs on a BEM model of NREL 5MW turbine simulations
output time steps using non-intrusive PCE [29]. In their work, the SMs mapped the
random phases in the unsteady wind generation [27, 30] to the output loads of the

simulations at each time step.

As wind and waves are both uncertain, the high computational cost associated
with the simulator in a DT may make it impractical to propagate uncertainty. Hence,
employing a SM within the DT framework becomes beneficial when simulations are
computationally expensive [31]. Also, using a surrogate model in a DT system creates
the potential for the surrogate model to operate in real-time [32]. In recent years, DT
for wind turbines has gained popularity among researchers and engineers. DTs have
been used at different levels in the energy systems and wind turbine industries. Song
et al. provided an overview of DT applications and challenges for energy systems in
the future [33]. De Kooning et al. laid out an overview of DT applications in wind
energy conversion [34]. Fahim et al. provided a method to develop a DT for wind
turbines in a wind farm-level system using machine learning methods [35]. More
specifically, with regard to DT applications for loads, Song et al. used measurements
from the Block Island offshore wind farm to develop a DT for the turbines in the field

[36]. In other work, Branlard et al. built a DT based on a linearized model of a wind
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turbine [37]. Later, Branlard et al. developed a DT based on the Tetra spar floating
platform full-scale prototype successfully [38]. With numerous instances of successful
applications of DTs in the wind energy sector and the potential enhancements that
a SM could bring to the DT framework, it is crucial to conduct further research on

developing accurate and efficient SMs for wind energy systems.

Recently, there has been a surge in using ML and ANN techniques to create wind
system SMs. This subject has garnered considerable attention and interest among
professionals in the field. A recent study conducted by Schroder et al. utilized TL
and physics-informed ML to enhance wind farm monitoring from SCADA data. The
study aimed to improve the efficiency and effectiveness of wind farm monitoring using
TL. The results showed that integrating TL and physics-informed ML can enhance
the accuracy and reliability of wind farm monitoring systems [39]. Schroder et al.
also used an ANN to build a SM that examined how changes in loads within a wind
farm affect the reliability of wind turbine components. Their study aimed to evaluate
the impact of load changes on wind turbine components’ overall performance and
reliability. The results showed that ANN-based SMs can provide valuable insights
into the behaviour of wind turbine components under different load conditions [40].
Additionally, Mylonas et al. used a conditional variational autoencoder to create a
probabilistic model of fatigue using SCADA data. Their goal was to predict the prob-
ability of fatigue load in wind turbine components using SCADA data. The results
showed that ML-based methods predict fatigue accurately [41]. Lastly, Dimitrov and
Gocmen used a time-based ML model LSTM to develop a virtual sensor that can
predict and forecast the high-resolution load-time series of wind turbine components
based on a series of environmental and turbine behaviour variable inputs. The re-
sults showed that ML-based time series models are accurate in their prediction and

forecasting; however, a less complex ANN can still effectively predict outcomes [42].

3.1.1 Objective

The available literature and research indicate a lack of sufficient exploration and
demonstration of a SM capable of mapping high-resolution environmental time se-
ries, specifically wind and/or wave for both on- and off-shore wind turbines, to the

fatigue and extreme loads on wind turbine components. The development of such
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a SM could potentially enable the prediction of the DEL of the wind turbine com-
ponents using just a few input time series, thereby enhancing the efficiency of wind
turbine control systems and increasing the overall lifespan of the turbine. Moreover,
the use of this system in a DT framework would further enhance efficiency and facil-

itate real-time application.

Our ultimate is to develop a fully generalized SM that can predict wind turbine
fatigue and extreme loads in any condition without the need for extra customization
or tweaking based on wind, wake, and wave time history. This manuscript specifically
begins to explore the approach by using sequential ML methods to build such a SM,
which will map synthetic wind and wake time series to DEL. The objectives of the

present manuscript are as follows:

o Building extensive wind time histories and wind turbine loads databases based

on a QMC sampling of the synthetic wind generation input variables.

» Developing simple FCNN base SMs [43] that maps synthetic wind generation
inputs to DEL [19], serving as a literature benchmark for performance and

accuracy.

» Developing a sequential ML base SM using TCN [44] to project synthetic un-

steady wind time series to wind turbine components DEL.

e Showing the capability of the trained sequential ML SMs by developing a TL
framework to predict DEL while dealing with wake-induced synthetic wind time

series.

3.1.2 Paper outline

This paper is organized as follows. Section 3.2 provides an overview of the methodol-
ogy used in this study. The basics behind the data-driven models are then described
in Sections 3.2.1 and 3.2.2. Sections 3.2.3 and 3.2.4 explain the process of build-
ing the databases in detail. Section 3.3, we delve into the essential prerequisites for
constructing the databases, imparting knowledge to the SMs, and leveraging their
predictive prowess for both the free stream and downstream wake. In the same sec-
tion, we also compare the accuracy of different SM architectures developed in this

study and discuss the amount of data required for training, as well as the limitations
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of the developed SMs. The paper concludes in Section 3.4, where we summarize the
main findings of this work and suggest future research in the area of wind turbine

surrogates using sequential ML models.

3.2 Methodology

The presentation of the methodology section in this document has been adapted from
the approach outlined in [40] due to its clarity and relevance to the current topic. The
chosen framework is deemed to be an appropriate and effective means of conveying
the necessary information in a concise and organized manner. The methodology used
in this manuscript to map synthetic wind high-resolution time series to DEL is shown
in Figure 3.1. It involves developing a sequential ML model combined with a FCNN
architecture as the main SMs and utilizing a simpler FCNN for comparison purposes.

The configuration presented in Figure 3.1 has three blocks. The bottom block
is for Data generation, which shows the procedure for building a database for the
DEL from the input variables. The top two blocks are two methods to build a
SM from the generated data and input variables. The middle block presents the
approach to building a SM that maps high-resolution wind time series to DEL based
on TCN-FCNN architecture. The top block exhibits the process of creating a FCNN
that projects the input variables to DEL [19, 18]. The larger frameworks and three
blocks can be segmented into twelve smaller stages. Each step is summarized below.
Throughout this document, when we mention wind, we are specifically referring to

unsteady wind.

(1) Specify the input variables space, their distributions and boundaries, and after-
wards, generate n samples X from the predefined variables. To enable tracking,
every sample has been indexed. The database is split into two for training and

testing:

(1a) Training Input Variables which includes 90% of the samples randomly
selected. Therefore, the size of this database is 0.9n. The indices of the
randomly selected samples idz;yy,: have been stored.

(1b) Testing Input Variables which includes the 10% remaining of the samples.
As a result, the size of this database is 0.1n
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The n generated samples are the input to a wind generator. Each sample from
the input variable space generates one synthetic wind time series with the length

of t time steps.

The n synthetic wind time series are stored in Wind Database. The database
size is n X t where t is the number of time steps in the time series. For train-

ing/testing purposes, this database is split into two parts:

(3a) Training Wind Database, which includes 90% of the main synthetic wind
time series database randomly selected. Consequently, the size of this
database is 0.9n x t. The indices of the randomly selected samples 1dx,ing

have been stored.

(3b) Testing Wind Database, which includes the remaining 10% of the main

synthetic wind time series database. The size of this database is 0.1n X t.

The Wind Turbine Model is an input to the Aero-servo-elastic Simulator. The

model comprises three modules: aerodynamic, controller, and aeroelastic.

Aero-servo-elastic Simulator is a time-marching solver that takes synthetic wind
time series and wind turbine model as the input and delivers forces and mo-

ments, loads, time series at [ wind turbine components as the output.

All the n outputs of the previous step simulations are stored in a database. In
the Simulation Database, each simulation includes the [ wind turbine compo-
nents load time series for ¢ time steps for one sample from the input variable

space. Therefore, the database size isn x m X t

The time-series output is analyzed to determine the DEL of the loads on the [

wind turbine components.

For every wind turbine component in the DEL database, each simulation output
yields a single DEL data point. Therefore, the database size is n x [. Every row
in the DEL database has an index that corresponds to the index of its input
variable sample. As we train two SMs with the database, we split the database
into training and testing databases twice. Thus, there appears to be an overlap
between the testing and training databases. However, as we have utilized them
to train and test two distinct SMs, we do not anticipate any issues arising from

this situation.



98

(8a) Training DEL Database members are selected based on the id ;. indices.
Therefore, this database includes 90% of the DEL and the size is 0.9n x [

(8b) Testing DEL Database which includes the remaining 10% members of the
DEL databases. Hence, this database size is 0.1n x [

(8¢) Training DEL Database members are selected based on the idx.,,q indices.
Therefore, this database includes 90% of the DEL, and the size is 0.9n X [.
As mentioned before, there is an overlap between this database and the

database in 8a.

(8d) Testing DEL Database which includes the remaining 10% members of the
DEL databases. Correspondingly, this database size is 0.1n X [

(9) The SM with FCNN composition trains and validates using the databases in 1a
as the input and 8a as the output.

(9a) For testing, the trained FCNN SM takes the database in 1b as the input
and provides FCNN Prediction DEL as the output.

(10) The SM with TCN-FCNN architecture trains and validates using the databases

in 3a as the input and 8c as the output.

(10a) For testing, the trained TCN-FCNN SM takes the database in 3b as the
input and provides TCN Prediction DEL as the output.

(11) By comparing 9a with 8b, one can determine the accuracy of the of the trained
FCNN SM.

(12) By comparing 10a with 8d, one can determine the accuracy of the of the trained
TCN-FCNN SM.

The aim to build and train a simple FCNN SM is to compare the accuracy and
performance of TCN-FCNN SM to it. The FCNN SM is not the ground truth in this
piece of work; however, it has proven to provide acceptable accuracy for the similar
input variable space [19, 18].
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Figure 3.1: The data generation and SMs training and testing methodology

After building and training the TCN-FCNN, we will show its versatility by ex-
amining the SMs with a synthetic wind including wake time series input. In other
words, we test the SMs for a turbine in the downstream wake of another turbine. We
developed smaller synthetic wind time series databases with wake effects, simulation
outputs and their DEL. Also, we use TL to improve the SMs’ performance over the
wake.
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3.2.1 Fully Connected Neural Network Surrogate Model

After preparing the DEL database, we can begin training the SMs. The primary
objective for the SMs is to map the input space to the output. Various mapping and
regression methods are available for this task, but we suggest utilizing data-driven ML
methods due to their ease of use and versatility. We developed two SM architectures;
a FCNN and a TCN-FCNN. Here, the FCNN is a simple three-layer feed-forward
ANN. The feed-forward ANNs are well studied and explained in the literature. For

further explanation, we recommend referring to [43].

In order to train the FCNN, the input variable samples database is randomly
divided into two parts: a training set comprising 90% of the samples and a testing
set comprising 10% of the samples. These samples are uniquely indexed, and the
training and testing sets indices are stored and tracked. The DEL database is similarly
divided into training and testing sets, using the same indices as the input samples.
To prevent data leakage, we ensure that there is no overlap between the training
and testing databases. Once the training and testing databases are prepared, the
FCNN is trained using the input variable space samples as input and DEL as output.
The trained network is then tested using the testing input variables database to
generate the prediction DEL. Finally, we compare the prediction with the testing
DEL to measure accuracy. By following this process, we can ensure that the FCNN
is accurately trained and tested, producing reliable results. Figure 3.2 shows the
implemented network architecture. The input layer receives three input variables in
the FCNN, while the output layer is responsible for the DEL. The weights on each
neuron are determined through the training process using the weight optimizer. After
the training, the FCNN is ready to predict the output based on the unseen (testing)
data. Table 3.1 presents the FCNN model details.
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Table 3.1: FCNN architecture details

Property Value
No. of hidden layers 3
No. of nodes per layer 8, 16, 8
No. of trainable parameters 321
Input Layer Hidden layer 1 Hiddonlayer 2 Hidden layer 3 Output layer Activation function RelLlu
L i .001
Figure 3.2: Architecture of the carning rf_ite 0.00
FCNN with three hidden layers. The ~ Cost function MSE
number of nodes represents the im- Training optimizer Adam

plemented architecture

3.2.2 Temporal Convolutional Network-Fully Connected Neu-
ral Network Surrogate Model

In this section, we explain the TCN-FCNN architecture that we used to build a SM.
Firstly, we provide an overview of the key components that make up a TCN. We will

demonstrate how it can be effectively combined with a FCNN.

TCN is a novel approach that utilizes the benefits of a one-dimensional convolu-
tional neural network to perform sequential modelling [44]. One can define sequential
modelling as a tool to map a sequential input xg, 1, s, ...z, to a sequential output

Y0, Y1, Y2, - - - Yn as shown in Equation 3.1.

y\Oa---ayAn:f(an--'wfn) (31)

TCN is a member of the Convolutional Neural Network (CNN) family. CNNs have
been used and are well known for classification proposes [45]. CNNs basics are well
studied in the literature, and the interested reader is referred to [43, 45]. Research
has shown that TCN is better than Recurrent Neural Network (RNN) and LSTM
in terms of performance, implementation, flexibility and versatility [46, 44]. TCN is
based on three main concepts: a) the length of the output and input is the same,
b) data should not leak from past to future. In other words, the value of each data
sequence in the output only depends on the past data sequences in the input, and c)

it needs to be applicable to a long data sequence. To tackle these three, one can use
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the following techniques [44]:

(a) The TCN employs a one-dimensional CNN architecture, wherein each hidden
layer is of the same length as the input layer. To ensure consistent length, zero

padding is incorporated in successive layers.

(b) In order to avoid data leakage, TCN utilizes causal convolutions architecture. In
causal convolutions, the sequence n of the output solely relies on the sequences

proceeding sequence n in the prior layer.

(c) For the simple causal convolutions, the length of the sequences that it can cap-
ture is a multiplication of the network depth. It makes the model deep and
computationally demanding for long sequential data with vanishing gradients.
The solution to this challenge is to utilize the dilated convolution. By using di-
lated convolution, the network is able to increase its receptive field significantly
in an exponential manner. For a one-dimensional sequential input x, a filter f,

and the element s of the sequence, one can define the operation F' as:
k—1
F(s) = (x*q f)(s) =D f(8) - Xs—gs (3.2)
i=0

where * is the convolution operator, d is the dilation factor, k is the kernel
size and s — d - 7 points out the direction of the past. In dilated convolution,
the dilation factor increases exponentially with the level of the network depth.
Figure 3.3a shows an illustration of a dilated convolution. The history of the

sequences that a layer can take into account is (k — 1)d.

As the TCN network needs to take into account larger sequential data, it needs
many layers and, as a result, gets deep quickly. This causes the network’s problem of
performance degradation, which needs to be stabilized. Therefore, we utilize a residual
block as a replacement for a convolutional layer [44, 47]. The residual block methodol-
ogy incorporates a branching mechanism where the input is injected into the output,
passing through a CNN. The residual block used in this study is shown in Figure 3.3b.

For this study, we utilized the aforementioned TCN to extract features from the
input time series. Feature learning or feature extraction is the process by which the
machine learning model converts the raw data into an “internal representation”, fea-

ture vector or latent space [48]. Then this feature vector is employed to detect the
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Figure 3.3: Dilated Causal CNN and the Residual Block for TCN

output pattern through a secondary machine learning subsystem. In this study, we
took advantage of TCN ability to extract features in the sequential data. Thereafter,
we used the features as the input to a FCNN. The integration of TCN and FCNN
enabled us to map the wind time series into DEL. Westermann et al. used a similar
approach but for a different application in [49]. The explained technique is illustrated
in Figure 3.4. The “Residual Block” in Figure 3.4 made up of the components de-
picted in Figure 3.3b.

With all the requisite SM components in place, we can proceed with the training
and testing phases. As mentioned before, we indexed the samples and TurbSim gen-
erated wind time series outputs. In the same manner as explained in Section 3.2.1,
the synthetic wind time series database is divided into training and testing databases,
where 90% of the database is randomly selected for the training, and the remaining
10% goes for testing. As the indices for the training and testing databases are known,
they are used to divide the DEL database into training and testing databases. As the
selection of the training and testing indices is random, the DEL training and testing

databases members are different from the ones explained in section 3.2.1. With the
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Figure 3.4: The TCN-FCNN architecture. The tower top side-side acceleration is an
optional input that we will discuss further in Section 3.3.5

Table 3.2: TCN-FCNN architecture properties and details for both the main approach
and TL approach. TL FCNN learning rates are for the initial training and fine-tuning
consequently.

Property Residual block  FCNN TL FCNN
No of ConvlD filters 6, 6, 6 - -
Kernel size 20, 13, 8 - -
Dilation factor 1,2, 4 - -

Drop out rate 0.05 - -
Average pooling size 100 - -
Activation function Leaky ReLU Linear Leaky ReLU
Trainable parameters 1950 1681 500
Number of hidden layers - 3 3
Number of nodes per layer - 16, 32, 16 8,11,8
Learning rate 0.001 0.001, 0.00001
Cost function MSE MSE
Training optimizer Adam Adam

training and testing databases ready, the TCN-FCNN is trained on the training data.
Afterwards, we utilized the trained model to forecast DEL using the synthetic wind
time series that was not included in the training database. The predicted DEL is
then compared with the testing DEL to measure the accuracy of the mapping. The
specifications of the TCN-FCNN SM employed have been detailed in Table 3.2.
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3.2.3 Variable input space boundaries, distributions and sam-
pling

For the data generation, selecting the appropriate input variable space, the boundaries
for each variable, and their distributions is crucial. Depending on the problem at
hand, different input variables might be needed. As for this study we only considered
one onshore wind turbine, only the input variables that affect the wind generation
are considered. These three variables are mean wind speed u, turbulence intensity

T1 and wind shear a. Therefore, the input space © can be defined as:

O =[4,TI,q] (3.3)

The boundaries and distributions of our input variables help define the condi-
tions for which our models are designed. It is important to note that wind speed
is considered an independent variable, while the other two variables’ boundaries and
distributions depend on the wind speed. We have selected the variables, their bound-
aries and distributions to build the database based on research presented in [19]. Our
use of QMC Sobol’s sampling method [50] allows for accurate sampling of the pre-
defined joint distributions in a deterministic non-repetitive manner. In this study,
Sobol’s sampling method is preferred as it is consistent and computationally efficient
[61]. Also, this sampling method is reproducible and provides better uniformity prop-
erties of the samples over the distributions [52]. In the following, when we refer to the
sample, it means a vector of three elements of mean wind speed, turbulence intensity

and wind shear.

3.2.4 Simulation and Damage Equivalent Load databases cre-

ation

The samples from the input variable space are the input to the synthetic wind gen-
erator. Each sample from the space provides one input to the generator. The output
of the generator is a “full field” synthetic wind time series [53]. The synthetic wind
generation basics are explained in length in [30]. In this study, we employed TurbSim
to generate the synthetic wind fields [53]. From each sample, the three input variables
[u,T1, ] are directly taken into the TurbSim input file and generate one synthetic
wind time series using TurbSim. In order to guarantee that every time series created

is distinct, a unique seed number is assigned to each sample. The output of the wind
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generator can be defined as a function of the sample:

U(t’ Y, Z) = f(@) (34)

The output has spatial and temporal components U(t,y, z). The spatial compo-
nent of the full field synthetic wind comes from the grid points, which are defined
over the wind turbine rotor plane. The output of Turbsim provides one time series of
synthetic wind at each grid point in z, y and z directions, namely u, v and w. These
time series are correlated to each other, depending on mean wind speed and their
distance from each other [30, 53].

The full-field synthetic wind is the input to the aero-servo-elastic simulations. To
run these simulations, next to the synthetic wind time series, the aerodynamic model,
aeroelastic model and controller model are required too. This study used an onshore
model of the NREL 5MW reference wind turbine [54]. The wind turbine model in-
cludes aerodynamic, aeroelastic and controller submodules. To run the simulations,
we used OpenFAST, the time marching aero-servo-elastic solver developed by NREL
[65]. OpenFAST’s output includes both temporal and spatial dimensions, with loads
provided from various wind turbine components located at different positions, such
as blades, towers, and gearboxes. This spatial aspect is integral to understanding the
full scope of the data. The simulations in this study follow the IEC standards for
power production Design Load Case (DLC) 1.2, as stated in IEC standards [1].

Thus far, we have established a database that comprehensively incorporates all
the simulation output time series data. Once we have that, the data is processed to
obtain the simulation time length statistics and DEL for evaluating the loads and
fatigue. DEL calculation is based on the Palmgren—Miner linear damage rule as
explained well in [56] and [57]. DEL can be formulated as:

(3.5)

pm 1/m
DEL = <—E”ZR’ )

Negq
In the given context, m represents the Wohler slope, while R; and n; correspond to
load ranges and the respective number of cycles. The output is obtained through
rainflow counting of the load time series [56]. n, is the equivalent number of load

cycles which is usually the length of the simulation in s. The DEL database includes
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all the calculated DELSs from every simulation at its outputs.

3.2.5 Simplified Wake Model

Once the SMs are built and trained, we assess their versatility by testing them with
a turbine in the wake. To proceed, we must create a new database that includes the

synthetic wind and DEL with consideration given to wake effects.

The wake caused by a wind turbine has been studied extensively and is out of this
manuscript’s scope. Different methods and models exist to implement wakes in the
aerodynamic simulation of a wind turbine [58, 59]. For the sake of simplicity and ease
of implementation, we limit the study to a simplified wake definition, with the study
turbine in the wake of one turbine only. The simplified wake includes a non-uniform
wind speed deficit and an increase in turbulence intensity across the rotor. For imple-

menting wakes in the synthetic wind time series, we used the method explained in [60].

For the velocity deficit caused by the wake over the rotor plane, we utilized the
super-Gaussian deficit [61]. We used the formulation developed by [62] for the added
turbulence intensity model. Also, the same as Bastankhah and Porté-Agel and Ishi-
hara and Qian, we are assuming the linear expansion of the wake that occurs down-
stream of a turbine. The following are the steps we took to implement the downstream

simplified wake model:

(1) Using Sobol’s sampling method, take 2™ samples from the input variables [u, T, o]

as explained in Section 3.2.3.

(2) Knowing the turbine thrust coefficient C; at each wind speed, the ambient
turbulence of the free stream and the distance between the turbines, one can

calculate the downstream wake width based on the formulation in [62].

(3) With wake width calculated in the previous step, one can calculate the velocity
deficit [60, 61] and added turbulence intensity [62].

(4) Both calculated velocity deficit and added turbulence intensity have spatial
distribution over the rotor plane. We considered this distribution by modifying
the mean wind speed and turbulence intensity of the samples for the first step.

For the added turbulence intensity, the average over the rotor disk is added to
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the T'I value of the sample. For the deficit wind velocity, harmonic mean over

the rotor disk is deducted from the samples mean wind speed u [60].

(5) With the modified Sobol’s samples in our possession, we used TurbSim to gen-
erate synthetic wind time series from each modified sample. Remember that
these synthetic wind time series have modified turbulence intensity and reduced

mean wind speed, but the Gaussian deficit has not yet been included.

(6) For the generated synthetic wind by TurbSim, for the mean wind speed of u,

the wind speed in time ¢ at each (y, z) point can be defined as:
U(t,y,2) = u(y, 2) +i(t, y, 2) (3.6)

where (¢, y, z) is the zero mean turbulence. The inclusion of the velocity deficit

caused by the wake in the generated synthetic wind can be expressed as:

U*(t,y, 2) = ¢y, 2) + i(t,y, 2) (3.7)

where U*(t,y, z) is the modified wind field and ¢(y, z) is the velocity deficit

distribution over the rotor yz plane, which we calculated in 3.

We will use synthetic wind with a velocity deficit and added turbulence intensity
to run OpenFast simulations containing the simplified wake model and calculate the
DEL as described in Section 3.2.4.

3.2.6 Transfer Learning

According to Goodfellow et al., transfer learning aims to utilize what has been learned
in one context to improve the “generalization” in another context [43]. For this study,

we use TL for the cases with wake to improve their prediction.

After following the steps outlined at the beginning of this section, we obtain
trained SMs that are able to accurately predict the DEL of wind turbine components
under freestream synthetic wind conditions. We then use these models to predict
DEL in the wake of a turbine. We implement TL to enhance our predictions by
loading the trained SMs and freezing their weights, making them untrainable. Then,
we remove the FCNN part of the TCN-FCNN and replace it with a trainable FCNN.
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The new FCNN we are using now has a simpler architecture compared to the one we
previously used for training and testing on the free stream data. Essentially, we now
have a frozen weight (untrainable) TCN along with a trainable FCNN. As with the
previous training process, we utilize 90% of the wake databases for training and 10%
for testing. The training has two steps; the first step is to train the aforementioned
combination of untrainable TCN and trainable FCNN to the desired accuracy, and
then fine-tune the TL model by unfreezing the TCN part weights and training it on
the same data again but this time with a smaller learning rate. The properties and
details of the TL FCNN are shown in Table 3.2. Figure 3.5 illustrates the architecture
used for the TL.

Wake Wind Time x g’
Series 8 =

o S S

§ P £ TL FCNN DEL

3 g [
Tower Top side- 3 g
side accl. ® <

T T
Frozen weights First step trainable

Fine-tune step trainable

Figure 3.5: The frozen TCN with trainable simple FCNN for the first step of TL, the
the fine-tuning step.

3.3 Results and discussion

To this point, we explained the background methods that have been used in this piece
of work. This section will discuss the conditions that were utilized to generate the

results.

3.3.1 Input variables boundaries, distributions and sampling

For generating the synthetic wind time series and DEL, we used the input variables
space as it is explained in Section 3.2.3. The mean wind speed is sampled from a
uniform distribution, where the boundaries are decided based on the NREL 5MW
wind turbine characteristics between the cut-in to cut-out wind speed [54]. For every
wind speed sample, we took a sample from the T and a too. The other two input
variables are also defined as a uniform distribution, whose boundaries are a wind
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Table 3.3: The input variables boundaries

Input variable Lower boundary Upper boundary
Mean wind speed @ u>3m/s u < 25m/s
Turbulence Intensity T'1 TI >0.04 TI < I;(0.75+ 5.6/a)
Wind shear o > apesrp — 0.23 (’_‘"‘#) (1 — (0.4log §)2) a < aresup+04 (g) (ﬁ”%)
where

- from IEA class 1A, I,y = 18%

- tpef, B = 0.15 and aye5,yp = 0.22 are reference wind shear a 15 m/s
- Umaz = 25m/s is the upper bound of the wind speed

- R is the rotor radius, and z is the hub height

speed function. For the T'I, the boundaries are based on the IEC class 1A values [1].
We choose the same boundaries for wind shear « as [19]. The input variables and
their boundaries can be found in Table 3.3.

Once we have established the joint distributions and boundaries, we can generate
sample points for the input variable space. As described in Section 3.2.3, we used
Sobol’s sampling method for this study. The Sobol’s samples need to be in the order
of 2", otherwise they lose their balance properties [64]. Therefore, we took n = 2%
samples from the predefined distributions. We decided to have a conservative number
of samples, as Sobol’s sampling method enables us to reduce the number of samples
without losing the benefits of the method or resampling the domains. To generate an
example of the variable space, we took 2!© = 1024 samples from the predefined dis-
tribution in Table 3.3. The samples and the input variable boundaries are displayed
in Figure 3.6.
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Figure 3.6: 1024 Sobol’s samples from the predefined distributions for u, T'1 and «
with the boundaries of the variables.
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3.3.2 Turbsim and OpenFAST output

As mentioned before, we use each sample from the input variables to generate a
unique synthetic wind time series using TurbSim. Every TurbSim output generated
from each sample is assigned a unique seed number to ensure that there are no re-
peating seeds. The TurbSim output format is well described in [53]. For this study,
we used a 15 by 15 grid over the rotor’s plane. For training and testing purposes,
we only took into account nine synthetic wind time series in x direction out of 225
synthetic wind time series. Our tests show including the wind in y and z directions
would not improve the training or testing results; therefore, they are omitted. These
nine synthetic wind time series are approximately located at the middle of the ro-
tor and hub height. Our tests show other configurations of the points (e.g. circular
layout of points) have little impact on the results. The grid points are selected to
be roughly located at the blades’ mid-span. This selection is illustrated in Figure
3.7a. Regarding the time component, the synthetic wind time series has a frequency
of 20H z, with a duration of 720sec. After running the simulation and later in the
training/testing step, we upsample the synthetic wind to 1Hz due to the hardware

constraint.
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Edge-wise Flap-wise
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T }, [\ Tower Bottom 2z \Tower Bottom
Y
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(a) TurbSim output (b) OpenFAST output (¢) OpenFAST output
channels y, z plane channels z, z plane

Figure 3.7: (a) Illustration for selected TurbSim output grid point locations as the
input to the SM for training and testing. (b) and (c) show a schematic drawing of a
turbine, with the output load channels.

As mentioned before, we run aeroelastic simulations on an onshore NREL 5MW
model using OpenFAST. OpenFAST can provide an extensive set of outputs, namely

channels, at different components of the turbine. The channels and their descriptions
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can be found in [2]. For this study, we took into account six moment output channels
and the average generated power for the training/testing objectives. These six mo-
ments are blade root edgewise and flap-wise moments, tower top fore-aft and side-side
moments, and tower bottom fore-aft and side-side moments. Figure 3.7b and 3.7c
illustrate a schematic drawing of the wind turbine with the load channel locations
that we used for training/testing in this study. The OpenFAST output channel label

and its corresponding naming for this study are provided in Table 3.4.

Table 3.4: Channel label, naming and units

OpenFAST Channel label Naming Post Processing Unit
GenPwr Generated Power 10 minutes average [kW]
RootMxbl Blade edgewise moment DEL [kNm]
RootMybl Blade flapwise moment DEL [kNm]
YawBrMxp Tower-top side-side DEL [kNm]
YawBrMyp Tower-top fore-aft DEL [kNm]
TwrBsMxt Tower bottom side-side DEL [kNm]
TwrBsMyt Tower bottom fore-aft DEL [kNm]

We run n = 215 = 32768 aeroelastic simulations using OpenFAST for this study.
We run the simulations in 2048 batches of 16 simulations in parallel using Digital
Research Alliance of Canada resources. Each simulation ran for 720s, but the first
120s of the simulation output was discarded to avoid any initialization effect. The
time step for the aeroelastic simulation was set to 0.00625s, while the output resolu-
tion is 20H z. After running all the simulations and building the simulations output
database, we calculate the DEL for each simulation, for the interested output chan-
nels for Wohler slope m = 4 and n., = 600 in Equation (3.5). Also, we considered
the 10-minute average of the generated power. To read the OpenFAST output files
and calculate the DEL, we used python pyfast library [65].

3.3.3 Turbine in wake output

Our aim is to test the effectiveness of the trained TCN-FCNN SMs by using wake
input. Specifically, to determine if the model, which is trained on a turbine in the
free stream, can accurately predict the DEL of a turbine in wake as well. The test
scenario involves one turbine in free stream, which the SMs are trained on, and one

turbine in downstream wake. The distance between the two turbines is 7D, where
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D represents the rotor diameter. In our specific case, we are considering the rotor
diameter of 126m for NREL 5MW, which results in a distance of 882m between the

two turbines.

We followed the same process described in Section 3.3.1 by taking 2048 samples
from the distributions outlined in Table 3.3. To calculate the wind velocity deficit
and add turbulence, we used the Gaussian model [61] and [62], respectively, as ex-
plained in Section 3.2.5. We then adjusted the u and T of each sample based on
the harmonic mean of the wind velocity deficit and the arithmetic mean of the added
turbulence intensity over the rotor. Using the modified samples, we generated 2048
Turbsim full-field outputs, following the process explained in Section 3.3.2. With the
Turbsim output now available with modified 4 and T'I, we utilized a Python script
to offset the generated synthetic wind with the Gaussian velocity deficit profile [60].

In Section 3.2.5, it was explained that the wind velocity deficit has a distribution
across the yz plane. This distribution can shift across the rotor plane depending on
the location of the wake centre. We established three wake cases with wake centres
located at (—30m,90m), (0m,90m), and (30m,90m) on the rotor plane yz. The
wake centre is assumed not to move vertically since both turbines have the same hub
height of 90m. Figure 3.8 illustrates an example of the velocity deficit effect on the
TurbSim output. In Figure 3.8, the first column shows the TurbSim output with the
added turbulence intensity, the middle column is the Gaussian velocity deficit for the
aforementioned wake centers, and the last column is the first column with the velocity
deficit offset. They are all a snapshot of the TurbSim output at 320s, and the in-
put samples are [u = 13.42m/s, T1 = 11%, a = 0.107]. The red circle is the rotor disk.

As all the 2048 TurbSim outputs are at hand, one can run OpenFast simulations

and calculate DEL as explained in Section 3.3.2.
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Figure 3.8: The velocity deficit implementation on a TurbSim output with the added
turbulence intensity.
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3.3.4 Training-Testing

Now that we have constructed all the necessary databases, we can begin the training
process. We must first normalize the data before training the SMs. In this study, we
employ min-maz scaling for both input and output values, scaling them to a range of
0 to 1. The input variables are scaled individually, while all the synthetic wind time
series, regardless of the mean wind speed, are included in a single scaling procedure.
During the training process of the TCN-FCNN and FCNN models, we implemented
a separate scaling of the DEL of each output channel. This approach was necessary
to ensure the scaling was tailored to the specific needs of each channel. A total of

twelve SMs were trained, with six models being trained for each respective type.

The total number of samples in the dataset is 32768. As mentioned in Section
3.2.2, this dataset is split into two parts for different purposes randomly by choosing
the indices of the samples through a non-repetitive random number generator. The
training set contains 90% of the samples, and the testing set contains 10% of the
samples. This means that the training dataset includes 29492 full 600s wind time
series and its corresponding DEL on wind turbine components, and the remaining
3277 are in the training dataset. Rather than training the SMs on all the training
data, the training data set is divided into batches of 256 samples. Afterwards, the
SMs trained on each batch, and after going through all the batches of the training,
one “epoch” is completed. The main optimization method used in ML community
is Stochastic Gradient Descent (SGD) [66]. Taking all the training data set for the
training while employing SGD requires a large amount of memory, and SGD may
land you at a “saddle point” [67]. One can tackle both of these issues in training by
dividing the training data into batches, as explained before. One disadvantage of this
method is that it requires more epochs for the model weights to be fully trained and
converged. In this study, we used Python package tensorflow for the ML model
development, training, and testing [68]. The table outlining the settings and details

for training in tensorflow can be found in Table 3.5.

We employed early stopping for the training as it reduces the required training
time. Once the training phase is complete, the remaining 10% of the data that was
not used during training is utilized for testing purposes. The output of the testing

procedure provides the accuracy of the fitted models. For this study, we use coefficient
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Table 3.5: Training setting for the SMs

Parameter TCN-FCNN FCNN TL TCN-FCNN
Batch size 256 256 64
Trainable parameters 3631 321 500
Maximum number of epochs 3000 3000 3000
Validation split 5% 5% 5%
Early stopping - monitoring validation loss validation loss validation loss
Early stopping - patience epochs 300 300 3000
Early stopping - best weight restoration True True True
Input shape (batch size, 600, 9) (batch size, 3) (batch size, 600, 9)

of detemination, R%, and NRMSE as the measures for the fitted models’ accuracy.

3.3.5 TCN-FCNN results

This section provides the output of the testing process, as explained before, for the
TCN-FCNN SMs. Figure 3.9 shows the results of the testing on the trained SMs for
each output channel scaled DEL. Each plot in the figure delivers one channel, and
data connects to the mean wind speed of the samples using a colour map. Upon
reviewing the outcomes, it is evident that the SMs offer precise prediction based on
synthetic wind time series data that it has not previously encountered. Based on
the colour maps, it is inconclusive to determine the correlation between the input

variables of the sample and the accuracy of the fit.

Although all channels have high R? values, the values decrease as we move from
the blade root moments downwards. This decrease can be explained by the physical
problem we are dealing with. The SMs have only one input, and they map wind input
time series in z direction to DEL outputs. The loads closer to the rotor are more af-
fected by the wind input, while the structural dynamics of the wind turbine influence
the further loads. Both fore-aft and side-side moments exhibit similar behaviour, but
fore-aft moments are predicted more accurately. Therefore, it is reasonable to assert
that the fore-aft moments are predominantly attributable to the wind, whereas the
structural dynamics more significantly influence the side-to-side moments. To test
this hypothesis, we infused the input of the TCN-FCNN input with the tower top
side-side time series acceleration arry. In other words, the TCN-FCNN maps the
combination of synthetic wind time series and tower top side-side acceleration time
series to DEL. Figure 3.4 visually represents this network with tower top side-side

acceleration as an optional input.
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Figure 3.9: Testing results for TCN-FCNN trained SMs. The colour map represents
a range of changes in the mean wind speed of the samples.

The modified SMs used for this are identical to those shown in Tables 3.2 and 3.5.
The only difference is that the third dimension of the input shape in Table 3.5 has
changed to 10 due to the concatenated time series. We followed the same process for
training and testing these acceleration-enhanced SMs as we did for the original ones.
In Figure 3.10, the data indicates that incorporating the tower top acceleration time
series into the input led to a better fit for the side-side moments, particularly for the
tower bottom side-side moment. This confirms our hypothesis that these SMs can
accurately capture the physics of the model at hand. One may argue that including
the wind time series in the y direction in the input would improve the tower bottom
side-side moment R? value. We tested this hypothesis, but it did not improve the
accuracy of the TCN-FCNN model.
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Figure 3.10: Testing results for TCN-FCNN trained SMs. The input for these SMs
is infused with the tower top acceleration time series. The colour map represents a
range of changes in the mean wind speed of the samples

3.3.6 FCNN results

As mentioned in Section 3.3.4, we trained and tested the FCNN SM on the three
input variables samples, namely wind speed, wind shear and turbulence intensity.
The FCNN aims to map the three input variables to DEL. This is very similar to the
approach that was employed in [40]. The results are presented in Figure 3.11. Similar
to the TCN-FCNN results, the R? values decrease from the top to the bottom of the
turbine. Considering the simplicity of the FCNN SMs, they perform very well in the

testing phase.
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Figure 3.11: These are the testing results for the FCNN on the trained SMs.

3.3.7 Results comparison

To this point, we trained three different types of SMs on our data set. These SMs
showed a good ability to predict the DEL from a limited amount of sequential data or
input variable data. Each SM architecture has its own advantages and disadvantages.
For TCN-FCNN architecture, the SMs can digest the complexities of wind time series.
However, the model is complex and loses accuracy for the channels that are not close
to the rotor. On the other hand, FCNN architecture is simple and cheap to train,
while it has higher R? values for the channels below the rotor. However, this model
suffers from the same challenge in terms of R? values decline, and it is not prepared
to take time series and needs input variables that may not be available all the time.
To make the comparison more straightforward, the R? value for power and output
channels and the required Graphics Processing Unit (GPU) time for the training is
provided in Table 3.6.

The data presented in Table 3.6 reveals that all three SMs have consistently pro-
duced high R? values and low NRMSE. Notably, the utilization of tower top accelera-
tion as the added input to wind has significantly enhanced the accuracy of prediction
for the tower bottom side-side moment. This improvement is a testament to the
TCN-FCNN SMs’ ability to comprehend the mechanics behind the input-output cor-
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Table 3.6: The accuracy of the fit and computational time for the SMs training.
NRMSE is in percentage.

TCN-FCNN TCN-FCNN Accl. infused FCNN
Channel R? NRMSE GPU Time [Sec] R?> NRMSE GPU Time [Sec] R? NRMSE GPU Time [Sec]
GenPwr 1.000  0.006 442 1.000  0.005 337 0.999  0.010 271
RootMxbl 0.995 0.018 578 0.996  0.016 594 0.990 0.031 379
RootMybl 0.998  0.009 805 0.998  0.010 689 0.998  0.013 397
YawBrMxp 0.968  0.140 800 0972  0.126 1042 0.987  0.190 110
YawBrMyp 0.987  0.039 807 0.986  0.040 781 0.996  0.064 397
TwrBsMxt 0.936  0.153 363 0.994 0.013 274 0.944  0.156 106
TwrBsMyt 0.971  0.094 613 0.977  0.099 756 0.977  0.119 163

relation. Regarding the computational cost, FCNN SMs are more efficient for all the

outputs.

When examining Table 3.6, one might question the purpose of developing the
TCN-FCNN SMs as they are more complex and computationally expensive. The
TCN-FCNN approach offers a significant benefit by examining the wind’s time series
rather than solely its statistical properties. The DEL results from wind and/or wave
time series oscillations. If we were to reduce these oscillations solely to wind or wave
input statistics, this would undermine the accuracy of the DEL prediction. However,
the TCN-FCNN can incorporate these oscillations and map them to the DEL. One
challenge here is to free the input from the time series’ length, which is not within
the scope of this study. We will explore this further in our future studies. We briefly
discuss the simulation length effect in Section 3.3.10.

We underline that the TCN-FCNN model can effectively decompose the wind field
into its constituent features, which include the input variables. This capability was
tested by expanding the feature vector in Figure 3.4 with the three input variables.
Even with this augmentation, the R? values remained consistent, reaffirming the ro-
bustness of the TCN-FCNN in characterizing the wind field. Essentially, a latent
space has been identified by the TCN suitable for accurate DEL prediction by the
FCNN stage.

We tested the TCN-FCNN architecture to assess its ability to handle ultimate
loads. During our analysis, we found that the SMs could accurately predict ultimate

loads with a comparable level of precision as DEL prediction.
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3.3.8 TCN-FCNN SMs in wake with TL

Considering the methodology employed for incorporating wake effects into our sim-
ulations, the use of a FCNN proves ineffective in this context. The FCNN relies on
input parameters such as mean wind speed, turbulence intensity 7'I, and wind shear
a, which cannot adequately capture the complexities of wake interactions, as they
cannot be condensed into a single scalar value. In a study by Dimitrov, an FCNN-
based Surrogate Model was utilized to model wake effects. It was noted that their
model required additional inputs depending on the wind farm layout. In contrast, the
TCN-FCNN approach, which relies solely on the flow information at the turbine lo-
cation, demonstrates the capability to address wake challenges without necessitating
additional inputs, provided that the flow characteristics over the turbine are well-
defined.

After training the TCN-FCNN and FCNN SMs, we tested the SMs on the input
with the wake. The initial results without any TL did not provide an accurate pre-
diction. Therefore, we used the TL as explained in Sections 3.2.5 and 3.3.3. Table
3.5 details the training setting for the TL models. The training is done on the 90%
of the turbine in wake databases, and testing is based on the remaining 10%. We
used both normal TCN-FCNN and acceleration infused TCN-FCNN in the TL for

the turbine in the wake. The results for three wake centers are presented in Table 3.7.

Table 3.7: The results for the turbine in wake SMs in predictions after going through
two stages of TL. The TL is done on both TCN-FCNN and the acceleration infused
TCN-FCNN. For the sake of space acceleration infused TCN-FCNN indicates as
TCN-FCNN A.I. NRMSE is in percentage.

Wake centre (-30m,90m) (0m,90m) (30m,90m)
TCN-FCNN  TCN-FCNN A.I.  TCN-FCNN  TCN-FCNN A.I.  TCN-FCNN  TCN-FCNN A.L
Channel R? NRMSE R? NRMSE R?> NRMSE R? NRMSE R? NRMSE R? NRMSE

GenPwr 0.999  0.998  0.999 1.214 0.998 1.949  0.999 1.002 0.999  1.275  0.999 0.996
RootMxbl ~ 0.970 3.546  0.972 3.654 0.961 4.381 0.918 5.281 0.969 3.689 0.971 3.642
RootMybl ~ 0.979  3.335  0.972 3.580 0975  3.793  0.962 4.844 0.968 4.234  0.976 4.636
YawBrMxp 0.952  4.787  0.953 4.617  0.960 3.808  0.938 5.756 0.960 4.560  0.955 4.690
YawBrMyp 0.925 6.783  0.960 5.104 0.923 7.593  0.962 4.899 0.909 7.957  0.950 5.540
TwrBsMxt  0.804 10.750 0.994 1.488 0.814 10.466 0.992 1.982 0.804 10.871 0.992 1.573
TwrBsMyt 0.858 7.837 0944  4.312 0911 5.643 0.944 5.310 0939 5.343  0.955 4.927

The results predicted in Table 3.7 follow a similar trend to those obtained from

the free stream turbine for all three wake centers. However, the SMs infused with
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acceleration provide higher R? values for almost all cases compared to the free stream,
where the effect was mainly limited to tower bottom channels. Since the turbine’s
behaviour is more complex in the wake, knowledge of its structural dynamics can
be more influential in prediction. Therefore, including a channel from the turbine
structure can aid the SMs in training a more accurate model and providing better
predictions. It is worth noting that this training is conducted on only 1844 out of
2048 data points in the wake database, which is relatively small. Despite this, the
model’s ability to have a low NRMSE and high R? values demonstrates its strength.

3.3.9 How much data is enough data?

One question that needs to be answered is how much data is enough to train these
SMs accurately. In other words, we need to determine if reducing the number of sam-
ple points will affect the accuracy of the predictions made by the SMs. As we used
the QMC method for sampling in this study, we can easily decrease the number of
samples without having to redo the simulations. However, as our samples are based
on Sobol’s samples, we need to stick to the 2™ rule. To determine the amount of
data needed, we trained the SMs on a smaller number of samples ranging from 26
to 2!4. Then, we randomly selected 1000 samples from the remaining input samples
for prediction. For example, in the case of 2!°, we trained the SMs on 1024 Sobol’s
samples data points and randomly selected 1000 samples from the remaining 25 —21°
samples for prediction. This enabled us to ensure fairness in comparing the R? values
without any data leakage. The sensitivity analysis results in Figure 3.12 indicate that
the R? value remains relatively high across all channels until the number of samples

is reduced to 28.

This shows that the SMs are versatile and do not require many sample points
to make accurate predictions. The versatility of the SMs can be attributed to the
simplicity and power of the models for providing accurate predictions and the effec-
tiveness of Sobol’s sampling in covering the input variable domains even with a low
number of data points. This coverage helps the SMs interpolate well between the
data they are not trained on. The displayed data in Figure 3.12 indicates that FCNN
SMs exhibit less sensitivity to the number of samples. This observation aligns with

the expectation that FCNN SMs possess a simpler architecture and fewer parameters
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Figure 3.12: Sensitivity of R? to the number of training samples. The y-axis is on a
logarithmic scale with a base of ten, while the x-axis is on a logarithmic scale with a
base of two.

to be trained. Therefore, the trained model improvement is minimal after passing the
threshold of the number of samples. In the TCN-FCNN SMs, the improvement of the
R? value varies depending on the channel. The tower channels exhibit a greater rate
of R? improvement as compared to the rotor channels, with the side-side moment
channels of the tower being the most prominent example. Additionally, acceleration
infused TCN-FCNN shows higher improvement rates for tower top side-side and tower

bottom fore-aft channels.

3.3.10 Time series length and data augmentation

In this study, we used a ten-minute time series for both input and output of the
OpenFAST simulation. This is a common practice in the wind turbine engineering
field as recommended by standards [1]. Yet from the perspective of LiDAR and wind
turbine controller, a ten-minute time series may be relatively long. Therefore, we
aimed to include the ability to handle shorter synthetic wind time series and map
them to DEL, which would be more attractive. Besides, in the field of machine learn-
ing, having enough training data is a challenge, and data augmentation is a solution
[69]. To satisfy these two purposes, we attempted to augment data by dividing the
600-second synthetic wind and load time series into shorter segments and calculating
DEL from those segments. If possible, the goal was to use even less than the mini-
mum required number of simulations. However, our investigations have revealed that
subsampling the 600-second load time series into segments shorter than 300 seconds

adversely affects the accuracy of the DEL calculation. This is due to missed cycle
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counting of a the shorter data length obtained from OpenFAST output. Hence, this

approach was not included in this manuscript.

3.4 Conclusion

This study explores the potential of employing a sequential ML model to develop
a SM that correlates high-resolution wind time series with the DEL of wind tur-
bine components. The methodology utilized in this manuscript involves creating a
TCN-FCNN architecture for mapping synthetic wind time series to DEL, alongside
a simpler FCNN for comparative purposes. We divided our methodology into twelve
stages, including specifying the input variable space, generating synthetic wind time
series, conducting aero-servo-elastic simulations, calculating DEL, splitting the data
into training and testing databases, and building SMs. Also, we build a database of
synthetic wind time series and DEL for a turbine in wake to test the versatility of
the TCN-FCNN SMs using TL.

Our work begins with defining the input variable space and determining their
boundaries, distributions, and sampling methods. We use a QMC Sobol’s sampling
technique to generate non-repetitive samples, guaranteeing uniformity, traceability
and reproducibility. Next, we continued with the generation of synthetic wind time
series using TurbSim, based on the input variable samples. These time series are
stored in the Wind Database, forming the basis for subsequent simulations. The
aero-servo-elastic simulations are performed using an NREL 5MW reference wind
turbine model and OpenFAST, following IEC standards for power production DLC
1.2 [1]. The simulation output is stored in the Simulation Database, providing load
time series data for various wind turbine components. With the loads time series
data at hand, we calculate the DEL for each wind turbine component, adhering to
the Palmgren-Miner linear damage rule. To train and test the SMs, we split the DEL
database into training and testing sets, while ensuring no overlap between them. Two
SM architectures were developed: a simple FCNN and a more complex TCN-FCNN.
Both models are trained and tested to predict DEL based on unseen input variables
or synthetic wind time series data. The FCNN SM serves as a benchmark for com-
parison with the more advanced TCN-FCNN SM. By comparing the accuracy and
performance of these models, we gain insights into the effectiveness of our approach.

Moreover, we introduced the concept of testing our SMs in the context of a wake
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scenario. We created a new dataset that considers the wake effect on a wind turbine

by implementing simplified wake models, thus expanding the versatility of our SMs.

In the results section, three different SM architectures were investigated: TCN-
FCNN, FCNN, and an enhanced version of TCN-FCNN infused with tower top ac-
celeration time series. The TCN-FCNN architecture was designed to take advantage
of the wind time series data, making it capable of capturing the complex tempo-
ral dependencies in the wind field. Yet, its performance varied for different output
channels, with higher R? values obtained for loads closer to the rotor and decreas-
ing accuracy for loads influenced by structural dynamics. The addition of tower top
acceleration time series as an input feature improved the accuracy of predicting the
tower bottom side-side moment, demonstrating the SM’s ability to discern relevant
physics. In contrast, the FCNN architecture, which solely relies on input variables,
offered a simpler and more efficient model with competitive predictive accuracy. The
FCNN SMs performed well for all output channels, with R? values having an inverse
relationship with the distance from the rotor. We further analyzed the trained TCN-
FCNN models to determine how well they can predict DEL for a turbine situated
in the downstream wake, a use case the FCNN SM could not tackle and illustrative
of the TCN-FCNN architecture motivation. Our findings indicate that by using TL
on a limited dataset, we can accurately forecast the DEL of a turbine in a wake. A
sensitivity analysis was conducted to determine the minimum required sample size
for training the SMs. It was found that both TCN-FCNN and FCNN SMs remained
accurate with a relatively small number of samples, making them versatile and ef-
ficient for practical applications such as wind farm layout optimization. The choice
between TCN-FCNN and FCNN SMs depends on the specific application require-
ments. TCN-FCNN is suitable when capturing fine-grained temporal dependencies
in the wind field is crucial, while FCNN offers a simpler and more computationally
efficient alternative with competitive performance. These SMs provide valuable tools
for predicting DEL and enhancing wind turbine reliability, reducing the need for ex-
tensive and expensive sets of simulations. One of the drawbacks of this work is the
input time signal length. One needs to investigate the possibility of liberating the
SM from this time constraint, as it would make the model more versatile and more

applicable to the wind speed time series of any length.
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3.4.1 Future work

This study is the initial phase of building a ready-to-use and generalizable SMs for
wind turbines. In this manuscript, we explore the ML based SM for this purpose and
specifically TCN application in wind turbine engineering, while there is an extensive
scope for further investigation. In future studies, we will implement TCN-FCNN
methodology on an offshore wind turbine introducing complicated wave loading mag-
nitude and directional spectra. Also, we will investigate the possibility of extending
TL in a wind farm to train the SMs on one turbine and use transfer learning to build
SMs for others in different wake conditions quickly. In this study, we took nine wind
time series from the synthetic wind field as the input; therefore, reducing the number
of wind time series is another interesting investigation alongside optimization of the

placement of the points as a hyperparameter.

Unfortunately, we were unable to access high-resolution wind turbine measure-
ment data for our study. However, we recognize that incorporating this type of data
into our methods could greatly enhance our research and should be a focus for future
work. Additionally, we acknowledge that the synthetic data and mathematical mod-
els used in our SMs may not be as accurate as reality. As the saying goes, "All models
are wrong, but some are useful." While the models that we use to build the databases
and train the SMs may not be perfect, they still hold value. Therefore, one idea
for future work is that the trained SMs can be applied effectively on high-resolution
measurement data by utilizing TL and inserting them between two trainable layers at
the input and output stages. This approach can prove especially helpful when faced

with limited measurement data.
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Abstract

Assessing the structural health of operational wind turbines is crucial, given their
exposure to harsh environments and the resultant impact on longevity and perfor-
mance. However, this is hindered by the lack of data in commercial machines and

accurate models based on manufacturers’ proprietary design data. To overcome these
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challenges, this study focuses on using GPR to evaluate the loads in wind turbines
using a hybrid approach. The methodology involves constructing a hybrid database
of aero-servo-elastic simulations, integrating publicly available wind turbine models,
tools and SCADA measurement data. Then, constructing GPR models with hybrid
data, the prediction is validated against the hybrid and SCADA measurements. The
results, derived from a year of SCADA data, demonstrate the GPR model’s effective-
ness in interpreting and predicting turbine performance metrics. The findings of this
study underscore the potential of GPR for the health and reliability assessment and

management of wind turbine systems.

4.1 Introduction

Wind turbines operate in harsh environments subjected to intense cyclic high- and
low-frequency forces that can compromise their longevity and overall performance.
Assessing the fatigue of these structures is crucial for ensuring their optimal oper-
ation and maintenance scheduling, determining their remaining useful lifetime, and
considering potential lifetime extensions within windfarm [1, 2]. The assessment of
fatigue damage accumulation in all components, based on measurements using sensors
on a wind turbine, offers a solution. However, this approach requires a large array
of sensors, leading to both logistical and financial constraints that are typically not
employed on commercial machines [3, 4, 5]. The use of aero-servo-elastic simulators
has been proposed as an alternative solution. These simulators can generate vast
amounts of data, which engineers and researchers can subsequently analyze to assess
the fatigue life of wind turbines. However, while these simulations provide valuable
insights, it is essential to recognize that they often do not align completely with a
turbine’s actual environmental conditions and specific as-built characteristics. Thus,
while simulators are a valuable tool, their results should be interpreted cautiously and
supplemented with real-world data wherever possible to ensure accurate fatigue life
assessments. Modern large wind turbines are equipped with Supervisory Control and
Data Acquisition (SCADA) [6]. SCADA systems typically collect over 200 variables,
often recording and storing as 5- or 10-minute averages along, with basic statistics
such as minimum (min), maximum (max), and STD for each interval [7]. However,
SCADA has reliability and accuracy issues and typically does not include any data
field directly related to loads [8]. When load measurements are available from the

SCADA system, they cannot be used directly for calculating the fatigue load. This is
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because the 10-minute time scale is insufficient to capture a wind turbine’s dynamic
behaviour, which mainly requires high-resolution time series. Given all these factors
and considerations, one potential solution is to use the SCADA environmental mea-
surements as input for an aero-servo-elastic simulator to compute structural loads,
in the absence of physical, e.g. strain gauge measurements. The output can then be
utilized to construct a data-driven model capable of estimating and indicating DEL

on turbine components.

Load assessment of a wind turbine is a complex task whether it be in the design
phase for a machine, layout optimization of a wind farm, or backing out from oper-
ational data. Therefore, many attempts have been made to simplify this task in the
literature [9, 10, 11, 12, 13|. Dimitrov et al. discussed five different methods, includ-
ing Kriging and PCE, for load assessment using synthetic data [14]. Their results
indicate that the mean wind speed and turbulence intensity have the most significant
effect on fatigue load estimation. In another study, Haghi and Crawford developed
a PCE to map the random phases of synthetic wind to the loads on a wind turbine
rotor [15]. Most of the studies in the literature focus on the realm of SMs, attempting
to map wind speed by itself or combined with other relative variables to the fatigue
or extreme loads of a wind turbine. In recent years, with the rapid growth of ML
methods, there has been a shift towards using these methods for load assessment.
Dimitrov et al. developed an ANN to map different environmental conditions to the
DEL on a turbine [14]. Schréder et al. used ANN to develop a surrogate model capa-
ble of predicting the fatigue life of a wind turbine in a wind farm, considering changes
in loads [16]. More recently, Dimitrov and Gégmen developed a virtual sensor based
on a sequential ML method that can provide load time series for different components
of a wind turbine [17].

Condition Monitoring (CM) for wind turbines is an activity that monitors the
state of the turbine [18]. CM is vital for wind turbines as it can reduce downtime,
failure, and maintenance costs. There are various techniques available for CM of
wind turbines; however, many are either expensive or complex [3, 8]. Consequently,
utilizing data from SCADA for CM is appealing, as these data are available for the
majority of turbines and do not incur additional costs [19]. Tautz-Weinert and Wat-
son provides an extensive review of the different CM methods that utilize data from

SCADA. A few of these methods address damage modelling and fatigue of com-



99

ponents. The concept behind damage modelling is to integrate measurements from
SCADA with a physical model to understand better damage progression [8]. Gray
and Watson introduced a probability of failure methodology incorporating relatively
simple failure models and successfully tested this method on a wind farm with a high
rate of gearbox failure [20]. Galinos et al. created a map of the fatigue life distri-
bution for the Horns Rev 1 offshore wind farm turbines using SCADA wind speed
measurements and aeroelastic simulations [21]. Alvarez and Ribaric used SCADA
to describe the wind turbine torque histogram and introduced a methodology for a
physics-based gearbox fatigue failure prediction [22]. Remigius and Natarajan uti-
lized SCADA measurements to estimate the wind turbine main shaft using an inverse
problem-based approach [23]. The examples mentioned above are mainly based on a

physics-driven approach.

In recent years, with the emergence of data-driven methods, the integration of
SCADA measurements with ML-based methods has become more popular among re-
searchers. Pandit et al. provided an extensive review of data-driven CM approaches
[24]. More specifically, data-driven methods using SCADA measurements have been
increasingly adopted for predicting fatigue life and damage. Vera-Tudela and Kiihn
employed ANN to map wind farm varying flow conditions to fatigue loads and demon-
strated the robustness of this method by using data from two distinct wind farms [25].
Natarajan and Bergami found that an ANN could predict turbulence and loads on
the blade and tower by considering rotor speed, power production, and blade pitch
angle from SCADA measurements, validating the loads using an instrumented tur-
bine [26]. Mylonas et al. developed a regenerative model based on a convolutional
variational autoencoder, capable of predicting DEL on a wind turbine blade root and

the uncertainty of loads using only 10-minute average SCADA data [27].

A Gaussian Process (GP) is a type of ML technique used for both regression and
classification problems. It is a data-driven, non-parametric method that does not rely
on a specific functional form. Instead, it focuses on a distribution of functions that
align with the data it is analyzing [28]. The application of GP in wind turbine re-
search and engineering has grown due to the ease of implementation, versatility, and
adaptability of the method, as well as its ability to provide uncertainty estimates. For
instance, Pandit and Infield utilized GPR to capture failures due to yaw misalign-
ment using SCADA [29]. Li et al. employed Gaussian Process Classification (GPC) to
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detect and predict wind turbine faults from SCADA data, where the provided prob-
abilistic knowledge aids in maintenance management [30]. Herp et al. utilized GP
to forecast wind turbine bearing failure a month in advance based on wind turbine
bearing temperature residuals [31]. Avendaifio-Valencia et al. predicted wind turbine
loads in downstream wakes, calibrating a GPR based on local or remote wind or load
measurements [32]. Wilkie and Galasso assessed the fatigue calculation reliability
of offshore wind turbines using a GPR, where inputs consisted of site-specific envi-
ronmental conditions and turbine structural dynamics [33]. Singh et al. employed
chained GP to derive the probability distribution function of offshore wind turbine

loads based on stochastic synthetic loads [34].

4.1.1 Motivation

In this manuscript, we aim to create a simple yet dependable probabilistic model
for predicting damage using limited SCADA measurements and utilizing publicly
available wind turbine models. The inflow turbulence is stochastic, leading to load
responses that are aptly represented as random variables. The influence of these un-
predictable factors on loads heavily depends on average environmental conditions and
their variance. This variance in load response, known as heteroscedasticity in statisti-
cal terms, implies that at lower wind speeds, the inflow turbulence has a lesser impact
on load variability compared to higher wind speeds [34]. Heteroscedasticity directly
affects the DEL of a wind turbine. The challenge is that to obtain an accurate distri-
bution of the DELS for an operational turbine, we require many data points. Ideally,
this could be achieved with an extensive array of sensors on wind turbines, which is
not feasible. One approach involves running simulations to enrich the database and
attain improved distributions. However, two primary challenges exist: a) the models
lack accuracy, and b) wind turbine manufacturing companies view models as their

intellectual property, making them generally inaccessible.

Given these challenges, our proposal is not for a highly accurate model to predict
the DEL down to the minutest details. Instead, we advocate for a straightforward
methodology to offer a probabilistic model built on hybrid SCADA and publicly
available turbine models. This model can approximate the DEL distribution at each

wind speed and demonstrate the trend of the DEL distribution as wind speed varies.
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Although this model might not be precise enough to indicate the remaining useful
lifetime with high accuracy, it can roughly gauge the turbine fatigue health condition
and relative damage of machines within a wind farm. Such a model can serve as a
quick indicator to pinpoint turbines at risk, warranting further investigation. Addi-
tionally, it can assist in reducing the uncertainty of a turbine’s health condition for
financial and banking purposes. This model demonstrates benefits for “asset reliabil-
ity” and “asset health,” especially in mitigating investor risks when considering the

purchase of operational wind farms.

4.1.2 Objective

For this research, we had access to a year’s worth of data from an undisclosed tur-
bine in an undisclosed onshore wind farm’s SCADA system. The objectives of this

manuscript are as follows:

e Create a database of synthetic DEL based on publicly available turbine models

with SCADA wind measurements as input.

e Develop a probabilistic model based on the database that represents the distri-

bution of the descriptive statistics and DEL at varying wind speeds.

» Validate the probabilistic model by contrasting its output with the limited avail-

able measurements.

4.1.3 Paper outline

The paper is organized as follows: Section 4.2 starts with an overview of the method-
ology, depicted in Figure 4.1, and continues with a description of the SCADA system
used in the study, including data collection and processing methods. This is followed
by an explanation of joint distributions and sampling in Section 4.2.2, and the basics
of aero-servo-elastic simulations and their postprocessing. Section 4.2.5 introduces
the Gaussian Process Regression (GPR) methodology applied in this study and con-
cludes Section 4.2 with a definition of the error metrics used. Section 4.3 begins with
the conditions under which results are extracted and GPR models are trained, contin-
uing with the validation of these models against empirical data. The accuracy of the
trained GPR, using hybrid data, is compared with both simulations and SCADA data
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in Sections 4.3.1 and 4.3.6. Section 4.3 ends with proposed practical applications for
the developed model. The manuscript concludes with Section 4.4, summarizing the
main findings and suggesting future research in using GPRs for wind turbine primary

health assessment.

4.2 Methods

This section presents the methodology used to construct a GPR model using hybrid
simulation and validate the GPR predictions against both hybrid simulation and
SCADA measurements. Figure 4.1 provides an overview of our approach, consisting
of four blocks. The arrows illustrate the data flow between these blocks, databases,
and processes. Hereafter, “wind speed” refers to the measured wind speed from
SCADA, unless otherwise specified. It is worth mentioning that the wind speed
sensor on a wind turbine is typically placed on top of the nacelle behind the rotor,

and its readings differ from the true inflow wind speed.
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Figure 4.1: The methodology employed in this manuscript
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The hybrid simulations generation block demonstrates the procedure for generat-
ing hybrid simulation data from SCADA measurements. Termed “hybrid,” this data
combines SCADA measurements with synthetic data generation to create a compre-
hensive database. The SCADA data is binned to a resolution of 1m/s, spanning the
cut-in and cut-out wind speeds. The turbine in this study operates between 3m/s
and 25m/s. For each bin, we establish a joint distribution of mean wind speed and
STD of wind speed. The mean wind speed adheres to a uniform distribution between
the bin’s upper and lower bounds, whereas the wind speed STD distribution sampling

per bin is tested on both Weibull and uniform distributions separately.

Subsequently, using Sobol sampling, n samples are drawn from this joint distribu-
tion for each wind speed. Each sample, comprising a mean and STD of wind speed,
generates a synthetic wind field. This results in a corresponding synthetic wind field
per sample. These synthetic wind fields and the wind turbine model are inputs to
the aero-servo-elastic simulator. The simulator outputs load time series for various
components of the wind turbine model. These load time series are post-processed to
extract statistical descriptions (minimum, maximum, mean, and STD) and the DEL
for each component. In this manuscript, the post-processed outputs are termed Qol.

The Qol are stored in a database, referred to as the post-processing database.

The Gaussian Process Regression block outlines the technique employed to build
the GPR model using hybrid simulation output. The post-processing database is
initially scaled using the MinMax method to normalize all data fields between 0 and
1. The database is then divided into two non-overlapping datasets: Training and
Testing. A separate GPR model is trained for each Qol for each wind turbine com-
ponent load. The GPR model outputs the mean and STD of the Qol at each wind
speed, representing the prediction data statistics. The testing data similarly provides

the mean and STD of the Qol at each wind speed, known as the testing data statistics.

Figure 4.1 illustrates two validation blocks: Hybrid Validation and SCADA Val-
idation. For Hybrid Validation, the testing data statistics are compared against the
prediction data statistics. If the SCADA data includes tower top acceleration or blade
load statistics, the GPR prediction distribution for these is also validated.

In the following sections, we delve into the processes and steps depicted in Figure
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4.1 in greater detail.

4.2.1 Supervisory Control and Data Acquisition measure-

ment, binning and scaling

The comprehensiveness of the collected SCADA data offers a wide range of insights
for system analysis. Notably, the SCADA data encompasses numerous data fields,
with our primary interest in wind speed statistics for hybrid simulation database gen-
eration, generated power for wind turbine model validation, and, if available, tower

top acceleration and blade load statistics for measurement validation.

We binned the SCADA data based on mean wind speed to gain a broader per-
spective on wind turbine operation through the wind speed statistics. The bin center
corresponds to an integer wind speed value, with the upper and lower bounds set at
+0.5m/s of that value. For each bin, we calculated the mean of the measured mean
wind speed, the mean of the STD of the wind speed, and the STD of the STD of the

wind speed, resulting in three wind speed statistics for each bin.

Min-max scaling is a common preprocessing step in data analysis and machine
learning, involving transforming features to a specified range, often [0,1] [35]. Ac-
cording to Rasmussen and Williams, scaling the data is recommended for GPR to
ensure numerical stability [28]. For the post-processing database, we scaled the data
based on the minimum and maximum values in each wind turbine channel output,
effectively constraining each scaled post-processed output to the [0,1] range. Ad-
ditionally, if SCADA loads or acceleration measurements were available, they were
scaled similarly to facilitate comparison with the GPR output. Furthermore, we
adopted min-max scaling for all output data in compliance with confidentiality re-

quirements.

4.2.2 Joint distributions and sampling

Hybrid simulation data generation aims to build a comprehensive database of the
loads on a wind turbine, closely resembling real-world conditions. This process, known

as data assimilation [36], merges observational data (in our case, SCADA data) with
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model predictions to produce a more complete estimate of the current state of the
system and future evolution. One approach to account for measurement uncertainties
is to define them as random variables with specific distributions. We utilized wind
speed statistics extracted in Section 4.2.1 to construct joint distributions of mean
wind speed and STD of wind speed for each bin. A uniform distribution was defined
to cover the full range of the bin for the mean wind speed equally. Regarding the
STD, we opted to test two alternatives: a) fitting a Weibull distribution to the STD
of wind speed, and b) applying a uniform distribution to the STD, with bounds set at
the minimum and maximum values per bin. The assumption of a uniform distribu-
tion for wind speed has been previously established in literature [14, 16]. The choice
of a Weibull distribution for the STD is based on data observations, and a uniform
distribution is selected to encompass all possibilities, particularly when SCADA mea-

surements in a bin are unavailable.

We employed the QMC Sobol sampling technique, as detailed in [37]. This method
is preferred in our study for its reliability and computational efficiency, as noted in
[38]. Sobol’s technique is repeatable and ensures enhanced uniformity across sampled
distributions, a feature emphasized in [39]. Hereinafter, “the sample” refers to a two-
data-point vector comprising mean wind speed and STD of wind speed. We took n
samples per bin, resulting in n unique samples for m bins, which are then used to

generate n X m synthetic wind time histories.

4.2.3 Synthetic wind generation, wind turbine models and

aero-servo-elastic simulations

To perform aero-servo-elastic simulations, we require synthetic wind time histories
that closely resemble real-world wind conditions experienced by the turbine. To
achieve this, we constructed joint distributions from the SCADA measurements and
calculated statistics for each wind speed bin as explained in Section 4.2.2. The objec-
tive was to generate synthetic wind time histories that faithfully replicate the actual
wind conditions corresponding to the mean and STD of wind samples. To do so, we
used the samples’ wind speed and STD as the input to TurbSim [40]. The output of
TurbSim is a “full-field” wind time history in TurbSim format. TurbSim, a synthetic
wind generator, produces wind time histories with both spatial and temporal compo-

nents for aero-servo-elastic simulators. A comprehensive explanation of this synthetic
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wind generator can be found in [40].

The resulting n x m full-field synthetic wind time series are stored in the synthetic
wind database. The full-field synthetic wind data serves as the environmental input
for our aero-servo-elastic simulator. These simulations require synthetic wind time
series and the integration of aerodynamic, aeroelastic, and controller models. Each
wind turbine model encompasses modules for aerodynamics, aeroelasticity, and con-
trol. To conduct these simulations, we employed OpenFAST, an aero-servo-elastic
solver developed by NREL [41]. The output from OpenFAST provides detailed load
information for various wind turbine components, including blades, towers, and gear
systems, spanning both time and space. Our simulations adhere to the IEC standards

for energy production under DLC 1.2, as specified in the IEC standards [42].

The provided SCADA data corresponds to a year’s worth of data, which includes
loads and acceleration data. However, as the turbine models are the intellectual prop-
erty of the wind turbine manufacturers, we did not have access to them. Therefore,
we opted for the NREL 5MW turbine for the aero-servo-elastic simulations [43] as
this model is well established in the literature, demonstrates robustness against fluc-
tuations in wind speed seed during simulations, the controller is well defined, and
the rotor size is comparable with the turbine we have access to the SCADA measure-
ments. Moreover, our tests indicate that the NREL 5MW model provides simulation
results most similar to SCADA data at hand compared to other publicly available
turbines [44, 45, 46].

4.2.4 Post-processing database

We have compiled a comprehensive database incorporating all time series data from
the simulation outputs. Following its creation, the data underwent post-processing
to derive simulation Qol, namely descriptive statistics and DEL for assessing loads
and fatigue. Additionally, DEL computation adheres to the Palmgren—Miner linear
damage rule, as elaborated in [47] and [48]. The DEL can be expressed as follows:

(4.1)

pm 1/m
DEL:(M)

Negq

Here, m represents the Wohler slope, while R; and n; pertain to load ranges and the
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corresponding number of cycles, respectively. The DEL outcome is derived through
rainflow counting of the load time series [49, 47]. n., denotes the equivalent number
of load cycles, typically equivalent to the length of the simulations in seconds. The
post-processing database encompassed all calculated descriptive statistics and DELs

from every simulation output.

Subsequently, the post-processing database is subjected to MinMax scaling and
binning which was explained in Section 4.2.1.

4.2.5 Gaussian Process Regression

GPR is a non-parametric Bayesian method widely used for regression tasks [28]. At
the core of GPR lies its assumption that observed target values follow a multivariate
Gaussian distribution. One of its notable features is its ability to provide proba-
bilistic predictions, offering both mean and variance functions to quantify prediction
uncertainty. Given a dataset (z1,v1),-..,(Zn,yn), @ Gaussian Process defines a dis-
tribution over functions characterized by a mean function m(x) and a covariance

(kernel) function k(z,z’). The GPR can be expressed as:

f(@) ~ GPR(m(z), k(z,')) (4.2)

where, m(x) represents the mean function, and k(z,2’) is the covariance function,
capturing the data point relationships. Predictions f, at new data points x, are

expressed as predictive mean u, and variance 3,:

pe =K (K+o7D)7y (4.3)
¥, =K. - KK+ ) 'K, (4.4)

where, K is the covariance matrix for the training data, K, represents the covariance
matrix between training and test data, and K,, is the covariance matrix for the
test data. y is the vector of training targets, and o2 is the noise variance. Typically,
noise variance and other hyperparameters of GPR and kernel function parameters are
estimated from the data, often using techniques like maximum likelihood estimation.

The log-likelihood of observations conditioned on hyperparameters is expressed as:
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1 1 N
log p(y|z,0) = —in(K + o21) "y — 3 log|K + JZI|—5 log 27 (4.5)

where, y represents the vector of observed target values, K is the covariance matrix
calculated using the kernel function for training inputs, and o2 denotes the noise
variance. |K + o21] signifies the determinant of the matrix, and N is the dataset
size. Maximum likelihood estimation aims to determine the hyperparameters 6 that
maximize this log-likelihood.

For the problem at hand, the x values are the wind speeds, and the y values
are the Qol. Recalling the number of bins m and the number of samples n, we
have n x m data points, which can result in a large number of data. Also, the
target data y is a heteroscedastic variable. In our case, it means the data variance
is not constant across wind speeds. Due to these two characteristics of the data
at hand, standard GPR formulation is ineffective for our purpose. The standard
GPR method implementations require O(n3) computation where n is the number
of data samples [50]. Also, standard GPR assumes the variance across the data
is constant. [51]. To tackle these two, we used AGPR for the large-size dataset
challenge with “inducing points” [50] and Predictive Log Likelihood (PLL) for the
heteroscedasticity challenge [52]. AGPR introduces a set of inducing points or pseudo-
inputs representing a subset of the training data. The GP is conditioned on these
inducing points rather than the entire dataset, reducing computational complexity
[50]. Then, PLL directly aims for the posterior distribution estimation [52]. Both
of these methods have been thoroughly explained in various literature. For a deeper
understanding of these methods, readers are encouraged to refer to [50, 53, 52]. In
this work, we utilized GPyTorch for building the GPR models [54].

4.2.6 Measurement statistics, error metrics

If the SCADA measurement data includes loads or tower top acceleration information,
it offers an opportunity to compare these data points with the AGPR output. Given
that the output from AGPR is probabilistic, processing the SCADA measurement
data to extract relevant statistics becomes necessary. This procedure mirrors the one
detailed in Section 4.2.1. Initially, we scale the measurements using MinMax scaling.

Subsequently, we categorize the scaled SCADA measurement loads and acceleration
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data based on SCADA wind speed measurements and then calculate the mean and

STD of acceleration and loads within each bin.

We assess the disparity between the SCADA measurement and AGPR output, or
between the AGPR output and the testing datasets, using KL divergence. The KL

divergence is formulated as:

1 o2 02+ (e — ay)?
Dk (G||M) = 3 llog (%) + € ('l;GQ Haa)” _ 1 (4.6)
M

Where in (4.6), G represents the AGPR output with mean ug and variance ¢, and
M signifies the measurement or simulation data with mean u)s and variance o%;.
This comparison involves computing the KL divergence, with the testing database
and SCADA measurement serving as the reference or “ground truth.” In cases where

we have samples from both AGPR and SCADA, the KL divergence is formulated as:

Des(G || M) = 3G log (E((?)) (@7

where G(i) and M (i) are the probability distributions at bin ¢ for the two distri-
butions, respectively. The bins are set identically for both distributions. The KL
divergence has the minimum value of zero and no upper bound. If the KL diver-
gence is zero, it indicates that the two distributions being compared are identical.
Therefore, smaller values are preferable. For a more detailed discussion of this topic,

interested readers are referred to Murphy [55].

4.3 Results and discussion

In this section, we explain the conditions used for generating the results, followed by
the presentation of the results and their corresponding discussions. In this section,
whenever we refer to a Qol or a data field, it is scaled using MinMax scaling.

4.3.1 SCADA measurement

As mentioned, we considered a year’s worth of SCADA measurement data.The SCADA
data is filtered only to include data points where the power generated exceeds zero.

To understand the environmental conditions in which the turbine operates, the mea-
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sured mean wind speed and STD wind speed are illustrated in Figure 4.2.
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Figure 4.2: Tllustration of SCADA Measurement Data: The top right panel shows
raw data for mean and STD wind speeds. The diagonal panels feature histograms
for both mean wind speed and STD wind speed, accordingly. The bottom left panel
presents a 2D histogram, elucidating the relationship between mean wind speed and
STD wind speed measurements.

In Figure 4.2, the diagonal plots are histograms of the mean wind speed and STD
of wind speed. The off-diagonal plots are scatter plots for the mean and STD on the
top right, and the 2D histogram of the mean and STD at the bottom left. This shows

we have reasonable variability in a year to cover different operational conditions.

In addition to wind measurement, the SCADA database contains other data fields.
Table 4.1 provides these additional data fields from the SCADA we utilized in this

study.

We will utilize the data fields in In Table 4.1 in Sections 4.3.5 and 4.3.7 to test the
simulation models and the AGPR outputs. We received the measurement data as a
10-minute average without access to the underlying time series; therefore, we cannot

comment on the noise’s effect or the noise level in the data.
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Table 4.1: The SCADA data fields used in this study. The abbreviations are TT and
OFP, while Res. is short for resultant and accel. for acceleration.

Datafield Unit  10-min avg 10-min STD 10-min min 10-min max
Power [kW] v - v v
Rotor Speed [rpm)] v - v v
OFP blade load  [Nm)] v v v v
TT Res. accel.  [mm/s?] v v v v

4.3.2 Joint distributions and sampling

As described in Section 4.2.1, we binned this raw data based on wind speed and
processed them to construct joint distributions within each bin. The centers of the
bins range from 3m/s to 25m/s with a resolution of 1m/s. The edges of the bins are
+0.5m/s from the center of the bins. The edges of the uniform distribution for wind
speed coincide with the bin edges. We have two types of joint distributions per bin;
UW joint distribution for each bin, and UU joint distribution per bin. After building
the joint distributions, we sampled from these distributions as input to the synthetic

wind generator. Each sample contains a mean wind speed and standard deviation.

As detailed in Section 4.2.2, we employed the Sobol sampling technique for our
investigation. To maintain the balance characteristics of Sobol sequences, they must
be of the form 2" [56]. Consequently, we chose 2° samples from the set distributions
for each bin. We opted for this sample size as the Sobol sampling approach allows
us to minimize the sample count without compromising the method’s advantages or
needing to resample areas. Additionally, it provides a substantial database for testing
purposes. To illustrate, we presented the samples of the 20m/s bin for both UW and
UU in Figure 4.3. In Figure 4.3, it appears the provided SCADA for the mean wind
speed is rounded to the nearest 0.1m/s, which is why they are clustered at specific
wind speeds. This aspect should be considered when comparing the SCADA with
AGPR outputs later in this manuscript.
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Figure 4.3: 512 Sobol’s samples example for the 20m/s wind speed bin for UW and
UU options.

4.3.3 TurbSim and OpenFAST output

The output format of TurbSim is comprehensively detailed in [40]. This output en-
compasses both spatial and temporal dimensions. Spatially, it provides a synthetic
wind time series at various grid locations across the rotor plane. Specifically, Turb-
Sim generates three wind time series corresponding to z, y, and z directions for each
grid point. In our research, we utilized a grid of 15 in the x axis by 15 in the 2 axis
over the rotor plane. Temporally, the synthetic wind series operates at a frequency of
20H z over a span of 720sec. As previously indicated, we executed aeroelastic simula-
tions on the wind turbine model outlined in Section 4.2.3 via OpenFAST. OpenFAST
provides various outputs, referred to as channels, for different turbine parts. Detailed

descriptions of these channels are available in [57].
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Figure 4.4: Figures (a) and (b) present the schematic depiction of the turbine high-
lighting the moment output load channel locations. The red arrows depict the mo-
ments according to OpenFAST [46].

In this study, we evaluated six distinct output channels for DEL along with the
mean values for TT side-side, fore-aft, resultant absolute acceleration, rotor speed
and power. These moments encompass BR in edge-wise and flap-wise directions,
TT in fore-aft and side-side motions, and similarly, tower-base (TB) in fore-aft and
side-side movements. The wind turbine load channel positions used in this study are
graphically depicted in Figures 4.4a and 4.4b. A comparison between the OpenFAST
output channel descriptors and the names we adopted for this research is provided in
Table 4.2.

The out-of-plane BR moment is similar to the edge-wise BR moment in definition,
with the primary difference being the coordinate system in which the moment is cal-
culated. OpenFAST calculates the moment in the “blade” coordinate system for the
edge-wise moment, while the out-of-plane moment is calculated in the “cone” coor-
dinate system. For a detailed explanation of these coordinate systems, the interested
reader is referred to the OpenFAST manual [57]. The TT resultant acceleration, Yaw-
BrTAccl, is not directly provided as an OpenFAST output but is computed separately

after running the simulations. The resultant acceleration is formulated as follows:
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OpenFAST Channel label Adopted Name Post-processing  Unit
GenPwr Power Output 10-min mean  [kW]
RtSpeed Rotor Speed 10-min mean  [kW]
RootMyecl Out-of-plane BR moment  10-min mean  [kNm]
YawBrTAxp TT fore-aft acceleration ~ 10-min mean  [m/s?]
YawBrTAyp TT side-side acceleration ~ 10-min mean  [m/s?]
YawBrTAccl TT resultant acceleration  10-min mean  [m/s?]
RootMxbl1 Edge-wise BR moment DEL [kNm)]
RootMybl Flap-wise BR moment DEL [kNm]|
YawBrMxp TT side-side DEL [kNm]
YawBrMyp TT fore-aft DEL [kNm]
TwrBsMxt TB side-side DEL [kNm]
TwrBsMyt TB fore-aft DEL [kNm)]
YawBrT Accl(t) = \/ YawBrT Azp(t)? + Y awBrT Ayp(t)? (4.8)

For this analysis, we initiated a total of 2 x 23 x 2° = 23552 aeroelastic simulations
via OpenFAST. These simulations were run in 5888 parallel batches, each comprising
4 simulations, utilizing resources from the Digital Research Alliance of Canada. Each
simulation lasted for 720s, with the initial 120s omitted to negate start-up effects. The
aeroelastic simulation used a time step of 0.005s for the simulations, while the output
registered at 20H z resolution. Upon completion of all simulations and subsequent
database formation, we derived statistical descriptions and DEL for every simulation
concerning the channels of interest, adopting a Wohler slope of m = 4 and n., = 600
in Equation (4.1). For simplicity, one Wohler slope is used for all the load channels,
with n., equaling the simulation length in seconds [47, 48]. The 10-minute mean of
power generation was also considered. The pyFAST Python library, referenced in [58],
was employed to interpret the OpenFAST output files, compute statistical values, and
determine the DEL. Through our testing of DEL calculation (10Hz,5Hz and 1Hz),
we have discovered that altering the sampling frequency of simulation outputs had
little impact. Furthermore, the pattern of DEL across different wind speeds remained
steady for different sampling frequencies. As all outputs in this study are scaled to
be between 0 and 1, the trend of DEL bears greater importance than its numerical

values.
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4.3.4 AGPR training and testing

For each moment or acceleration channel in Table 4.2, we developed and trained a
AGPR model. The basic background of the AGPR models is explained in Section
4.2.5. The AGPR models and training settings implemented in GPyTorch are pre-
sented in Table 4.3.

Table 4.3: GPyTorch configurations for AGPR model training on DEL and 10-minute
mean values.

DEL 10 min. mean  Reference
Model class Approximate GP  Approximate GP [50]
Kernel (length scale) RBF Kernel (0.7) RBF Kernel (0.7) [28]
Marginal likelihood class PLL PLL [52]
Variational distribution Cholesky Cholesky [54]
Training dataset size 5888 11776 -
Number of inducing points 64 64 -
Number of iterations 500 500 -

The DEL moments database is divided into two equally sized datasets for training
and testing. The training dataset is further divided into 80% for training and 20% for
validation of the AGPR model. As the training dataset is large, k-fold cross-validation
is not utilized, which is more applicable for smaller databases to prevent overfitting
[59]. For the 10-minute mean moments and acceleration, we trained the AGPR on the
entire simulation outputs dataset with 80% for training and 20% for validation split.
Then, we tested the GPR on the SCADA data. How the turbine load for each output
channel changes with wind speed depends on the output location. The settings and
parameters listed in Table 4.3 were tuned manually. Different settings were tested for
different outputs, and the configurations provided were optimized to achieve similar

accuracy across all outputs.

4.3.5 Wind turbine model verification

After running the simulations and extracting the Qol to construct the databases, the
initial step involved verifying the simulation model’s accuracy against SCADA mea-

surements. Power output and rotor speed were two of the most reliable indicators
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among the data fields available for measurements and simulations. The trends of
these two variables indicate the level of agreement between the wind turbine model
and simulations. Additionally, comparing the range of these two outputs for both sim-
ulations and SCADA measurements is important. This comparison between SCADA-
measured power and the 10-minute mean of simulated power for UW and UU is de-

picted in Figure 4.5a.
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Figure 4.5: Comparison of SCADA-measured and simulated power generation for
UW and UU joint distributions

In Figure 4.5a, the x axis indicates the mean wind speeds of SCADA measure-
ment and simulations. Each data point on the graph is a 10-minute mean of generated
power, either from SCADA measurements or simulations. Since each simulation dura-
tion is 10 minutes, the displayed value is the mean generated power for that interval.
The solid lines on the graph represent the power averaged for each wind speed bin, as

explained in Section 4.2.1. The MinMax scaling is based on the binned average power
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for both SCADA and simulation. There are notable distinctions between Figure 4.5a
and Figure 4.5b in terms of their data representation and scaling methodologies. Fig-
ure 4.5a specifically utilizes 10-minute average values from both the SCADA system
and simulations. These values are normalized using the MinMaz scaling approach.
In contrast, Figure 4.5b focuses on the 10-minute min and maz values obtained from
the SCADA system and simulations. The scaling applied here ensures that the mean
value of generated power is standardized to one. This distinction in data selection
and scaling techniques underscores the different analytical perspectives offered by
each figure. It is worth mentioning that values equal to zero in Figure 4.5a represent
the minimum power generation and not zero generated power, as the min-max scaling

output ranges between zero and one.

While the plots demonstrate a good match between simulation and measurements,
the measured data exhibits more variability than the simulations, which is expected
due to the variability in turbine behaviour within 10-minute intervals. We computed
the difference between the scaled binned averaged measured and simulated power to
assess their disparity. The results for a selection of wind speeds are shown in Table
4.4. The difference in the UU case for 5m/s is higher than it appears on the plot, as
the scaled power values for measurements and simulations are both in the range of
0.01 to 0.02.

Table 4.4: Difference between binned scaled simulated power and measured power in
percentage across a selection of wind speeds for UW and UU joint distributions

Wind Speed [m/s] Uniform-Weibull[%] Uniform-Uniform|%)]

3 0 0

3 8.63 26.86
10 -11.99 -10.97
15 2.65 2.17
20 6.20 6.20
25 25.03 25.02

Figure 4.5b displays the range between the minimum and maximum power from
SCADA measurements and simulations. The upper and lower bounds are based on
the measurements or simulations’ 10-minute maximum and minimum values. The

shaded area indicates the range for the simulations and SCADA data. As shown in
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Figure 4.5b, the range is wider for SCADA measurements than for simulations, which

is anticipated.

Another indicator for assessing the alignment of the utilized model with real-world
turbine behaviour is the rotor speed. Similarly, Figures 4.6a and 4.6b compare the
10-minute mean and range for the rotor speed. These figures show a notable discrep-
ancy between simulations and SCADA measurements. There are two reasons for this
observation: a) for below-rated wind speeds, the controller behaviour of the model
and the SCADA-measured turbine differs; b) for above-rated wind speeds, we lack
sufficient measurement data, and the available data are based on unknown parame-
ters that reduce the mean rotor speed. The limited availability of SCADA data and
lack of variables such as pitch angle restrict a more accurate understanding of wind
turbine behaviour. Although there is a discrepancy between the model and SCADA
rotor speed, the effect on the purpose is insignificant, as the rotor speed is mainly a
function of wind speed and would not affect the SCADA load measurement from the
turbine. It is important to note that the aim of this work is not to produce a fully
accurate wind turbine simulator, but rather a practical relative health assessment

tool when the manufacturer’s turbine model is unavailable.
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Figure 4.6: Comparison of SCADA-measured and simulated rotor speed for UW and
UU joint distributions

4.3.6 AGPR testing results - Hybrid simulations

After training the AGPR models, we evaluated them by supplying a high-resolution
array of wind speeds ranging from the cut-in to cut-out wind speeds. The trained
models then rapidly provided the mean and STD of the DEL for each wind speed.
To assess the accuracy of these models, we employed two approaches. Firstly, we
plotted the evaluation process’s mean and confidence interval output alongside all
the simulation testing dataset to visually assess whether the testing data fell within
the confidence intervals. Secondly, we binned the simulation testing data and calcu-
lated the mean and STD of the testing Qol, as described in Section 4.2.1. We then
determined the difference between the testing data and AGPR output using KL diver-
gence. Figures 4.7a and 4.7b display the AGPR output’s mean, confidence interval,
and the testing data for the DEL. In the following figures through this manuscript,
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the confidence interval is defined & one STD from the AGPR mean.
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Figure 4.7: The AGPR outputs and simulation testing data for UW and UU joint
distributions

Visual inspection of the plots in Figure 4.7 reveals that the AGPR accurately

predicts the mean and confidence interval. Notably, there is a variation in turbine
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behaviour in terms of DEL between the UW and UU cases. The UW DEL exhibits a
broader output range and is less symmetrical around the mean value. Owing to this
asymmetry and the symmetric nature of the confidence interval, the lower bound of
the confidence interval in the UU case overshoots the testing data. The broader range
of behaviour in the UU case is expected, as the sampling of mean wind speed and
STD fully covers the domain between the extreme minimum and maximum values
per bin. Figure 4.7 shows some peaks in the confidence interval, particularly for the
UU case, indicating a successful implementation of PLL. As explained in Section
4.2.5, the PLL estimates the posterior distribution of the output data. In our case,
the output data has a cluster of peaks, and the posterior distribution is expanded in
terms of STD to cover those wind speeds. This expansion ensures that the simulation

training and testing data is adequately covered.

Table 4.5 presents the KL divergence between the AGPR output and the testing
data for three wind speeds, with the testing data treated as the ground truth. The

KL divergence is calculated according to Equation (4.6).

Table 4.5: KL divergence for three wind speeds comparing testing data and AGPR
output

UW [] UU [
Channels 6m/s 12m/s 18m/s 6m/s 12m/s 18 m/s

RootMxbl 0.029 0.000  0.024 0.002 0.004 0.042
RootMybl 0.010 0.009  0.014 0.003 0.001  0.005
YawBrMxp 0.043 0.013  0.001 0.002 0.005  0.024
YawBrMyp 0.004 0.007  0.020 0.003 0.001  0.013
TwrBsMxt 0.009 0.025  0.005 0.001 0.000  0.003
TwrBsMyt 0.002 0.000 0.011 0.006 0.004 0.001

The KL divergence values in Table 4.5 indicate a good match between the AGPR
output and the testing data. However, the AGPR is less accurate in the UU case, due
to the reasons previously mentioned. Moreover, the KL divergence varies depending
on the output channel and wind speed. A comparison of the plots in Figure 4.7 and
Table 4.5 suggests this is primarily due to the overestimation of the STD by the
AGPR. These results are typical of other wind speed bins.
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4.3.7 AGPR testing results - SCADA measurement

In Table 4.2, we provided one moment and three accelerations, each processed with
a 10-minute mean. These outputs correspond to the moment and acceleration avail-
able in our SCADA database, as shown in Table 4.1. We trained a AGPR for the
10-minute mean and STD of each output based on hybrid simulations output. Sub-
sequently, we tested the accuracy of the trained models against the corresponding
mean and STD of the SCADA measurement data fields. Let us reiterate that the
primary objective is to assess the effectiveness of normalized simulations of a specific
simulated wind turbine in predicting the behaviour of a real wind turbine machine
with its own blade, controller, and structure when the real-world turbine data is pro-
prietary and unavailable. The AGPR training settings are mentioned in Table 4.3.
Figure 4.8 presents the AGPR output against the SCADA measurement for the OFP

BR moment.
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Figure 4.8: OFP BR AGPR prediction vs the SCADA data
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Despite the discrepancies in controller behaviour mentioned in Section 4.3.5, the
mean and STD of the moments from the AGPR and SCADA follow a similar pattern
overall. The mean value plots in Figure 4.8 show that the AGPR output’s confidence
interval does not entirely cover the SCADA data. This discrepancy might be at-
tributed to the blade in the model being stiffer than in reality. This hypothesis is also
supported by the STD plots, where the confidence interval of UU joint distribution
provides better coverage over the SCADA data. The UU joint distribution’s broader
range, which encompasses unrealistic combinations of mean wind speed and STD,
results in a closer approximation of reality by the AGPR prediction. This necessity

for excessive turbulence intensity is likely due to the stiffer modelled blade structure.

A noticeable peak in the mean trajectory for the STD around 6m /s in Figure 4.8b
is not observed in Figure 4.8a. A similar peak is also visible in Figure 4.7b for all the
outputs except RootMxb1l. This peak arises because the UU case models the turbine
with a broader sample of STD at wind speeds around 6m/s. According to the Camp-
bell diagram of the NREL 5MW turbine [43], the blade passing frequency matches the
side-side and fore-aft frequency of the tower at this wind speed. Typically, the STD
of the wind speed does not often enter the resonance region in 10-minute simulations.
However, with higher turbulence, the turbine enters and exits the resonance region

frequently, increasing the mean, STD, and DEL of the simulation.

To provide a more concise comparison, Figure 4.9 compares the SCADA data with
the AGPR predictions for three wind speeds. For each wind speed, we binned the
SCADA data as explained in Section 4.2.1, using the AGPR output at the bin center

for comparison.
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Figure 4.9: OFP BR AGPR prediction vs the SCADA for three wind speeds. The
histogram represents the probability density.

The histograms for the AGPR in Figure 4.9 are based on 10° samples from the
normal distribution provided by the AGPR at the bin center. Figure 4.9 demonstrates
that the AGPR fit varies as a function of both the wind speed and the joint distribu-
tion. The AGPR prediction of the mean value is more accurate for the UU case, but
the STD prediction histogram is significantly broader than the SCADA data. This
broader range is due to the manner of presenting the results: the confidence interval
in Figure 4.8 is twice the STD, while in Figure 4.9, the histogram covers a wider
range. It may not be a fair comparison to take the AGPR output at the center of
the bin and compare it with the SCADA, which has values all over the bin. However,
there are two reasons behind this. Firstly, the width of the bin for 1m/s is narrow,
and looking at Figure 4.8, it shows that the AGPR result and SCADA data do not
change significantly in the span of 1m/s. Therefore, one AGPR model would suffice.
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Secondly, as we recall from Figure 4.3, the measured wind speed is clustered at bins.
Hence, using SCADA for one wind speed value limits the number of available data,

making the statistical comparison inaccurate.

The other SCADA data fields that match the OpenFAST output is the T'T resul-
tant acceleration. Figure 4.10 presents the AGPR output for TT resultant accelera-

tion trained on hybrid simulation output against the SCADA measurements.
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Figure 4.10: TT resultant acceleration AGPR prediction vs the SCADA data.

In Figure 4.10, the same peak around 6m/s observed in the mean trajectory in
Figure 4.10b is attributable to the broader sampling of STD at wind speeds around
6m/s as explained in Section 4.3.6. It is worth mentioning that the confidence in-
terval, represented by the mean value £STD, does not encompass the entire spread

of the AGPR output. In other words, these intervals do not serve as a measure of
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uncertainty quantification. Rather, their primary function is to delineate the area
where 68.3% of the AGPR outputs are located. This is more visible in Figure 4.9
when the AGPR output spread is wider than the SCADA measurement.

Figure 4.10 illustrates that the UU case provides broader coverage in terms of the
confidence interval due to the broader STD samples. However, the UW case more
accurately follows the acceleration trend for the resultant acceleration. Assuming
similar rotor thrust forces, the TT acceleration is mainly a function of the structural
stiffness of the tower. A closer approximation to reality for the UW case, which is
deemed more realistic for wind speed STD, suggests that the modelled tower struc-
tural stiffness is probably closer to the turbine for which we had access to the SCADA
data. A more precise verification could have been achieved if we had access to tower

frequency readings in the SCADA data.

We calculated the KL divergence for the OFP blade root moments and the tower
top acceleration to facilitate a more precise comparison, as presented in Table 4.6.
This calculation, based on Equation (4.7), uses M as the binned SCADA data de-
scribed in Section 4.2.1, and G is derived from taking 105 samples from the normal
distribution provided by AGPR at the center of the bin. Although Table 4.6 could be
extended to include all wind speeds for which we have SCADA data, we have limited

the presentation to three wind speeds for brevity.

Table 4.6: KL divergence for three wind speeds comparing binned SCADA and AGPR
center bin output

UW [-] UU [
Data field 6m/s 12m/s 18 m/s 6m/s 12m/s 18 m/s
OFP BR Moment mean 1.783 0.160  9.317 0.701 0.032 0.184
OFP BR Moment STD 3.006 5.556  5.736 3.683 6.196  5.487
TT Res. accl. mean 1.680 0.253  0.915 5.358  0.889  1.539
TT Res. accl. STD 2.363  0.252 0.625 5.511  1.619 2.884

Considering KL divergence as an error metric, the most accurate AGPR predic-
tions occur for the resultant tower top accelerations in the UW case for both mean and
STD. This indicates that the output of the AGPR depends on the joint distribution

selected for sampling from the specific data field under examination. It also suggests
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that the AGPR model trained on either UW or UU may perform better depending
on the data field, which is influenced by the wind turbine’s controller, aerodynamics,
and structural behaviour. We lack access to the model from the manufacturer, so we
cannot precisely identify the reasons for the variety in AGPR performance. Never-
theless, this model and method demonstrate promising results as a primary health

assessment tool.

4.3.8 How can we use this model?

To this point, we have trained a series of AGPR models on hybrid simulations for
DEL, mean, and STD. We have shown that the AGPR models trained on these hy-
brid simulations can accurately predict the DEL. Furthermore, we have demonstrated
that the AGPR models can predict the OFP BR moments and TT accelerations from
SCADA data with acceptable identification of trends. The next step is to understand
how these models can be interconnected.

Figure 4.11 provides correlation heat maps for both UW and UU joint distribu-
tions, illustrating the correlation between DEL and the TT resultant acceleration

mean.
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Figure 4.11: Hybrid simulations correlation heatmap. The rows represent the DEL
values.

Figure 4.11 shows a strong correlation between the resultant T'T acceleration and
the DEL loads along the tower. Except for the blade root edge-wise moment, other

channels are highly or very highly correlated with the resultant accelerations. Given
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the high correlation between the resultant T'T acceleration and the DEL, and the
fidelity of the AGPR in predicting the SCADA resultant TT (Figure 4.10), we can
hypothesize that AGPR predictions of DEL would correlate with actual DEL mea-
surements. Although this medium level of accuracy in DEL prediction based on
AGPR is insufficient for a precise health assessment, it can serve as an indicator and
primary tool for diagnosing the health of wind turbine assets. During this study, we
did not have access to moment measurement time series along the tower to validate
this hypothesis. The authors acknowledge this limitation and recognize the need to

test the hypothesis with a wind turbine instrumented with an array of sensors.

4.4 Conclusions

This work emphasizes the crucial need for assessing the structural health of wind tur-
bines, given their operation in harsh environmental conditions. This assessment is vi-
tal for ensuring the longevity and optimal performance of wind turbines. The focus is
on understanding the fatigue damage accumulation in these structures and the impor-
tance of advanced methods for accurate prediction and monitoring of their structural
health. The methodology section details the construction of a AGPR model using
a combination of the SCADA wind measurement and simulations utilizing Sobol’s
sampling method. It presents a systematic method involving the generation of hy-
brid simulation, followed by its use in modelling and validation. The final section
first explains the conditions under which the results were generated, followed by a
presentation and discussion of these findings. Then, it shows the accuracy of the
utilized model by comparing the simulation output and SCADA measurement for
the generated power and rotor speed. Afterwards, the section shows how a AGPR
trained on the hybrid simulations database accurately predicts the testing data set
and the SCADA acceleration and loads data fields. It also explores the model’s ac-
curacy, reliability, and ability to predict potential structural issues. The results are
not just numerical outputs; they are interpreted to provide insights into the overall

effectiveness of the AGPR model in real-world scenarios.

This research conclusively demonstrates the efficacy and robustness of AGPR in
the realm of wind turbine asset reliability. The research underscores the advanced

predictive capabilities of AGPR, particularly in handling the heteroscedasticity in-
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herent in wind turbine operational data. The ability of AGPR to accurately model
and predict loads and accelerations based on a range of inputs, especially those de-
rived from SCADA systems, while it is trained on the publicly available models and
methodology is a noticeable development. It is worth noting that our tests have
revealed that the choice of publicly available wind turbine model impacts the accu-
racy and compatibility of the trained AGPR model with the SCADA measurements.
This study elaborates on how AGPR is effectively trained on hybrid simulation data
sets, blending real-world measurements with simulated data to create a comprehen-
sive model. This approach allows a better understanding of the data and enhances
the model’s predictive accuracy. The research highlights the validation processes the
AGPR model underwent, affirming its reliability and accuracy. The performance of
the AGPR models in predicting the loads under various operational scenarios show-
cases its practical applicability in real-world settings. The paper points out the po-
tential for AGPR to serve as a standard tool in the predictive maintenance of wind

turbines.

While the AGPR model demonstrates promising capabilities in predicting DEL, it
is important to recognize the challenges faced in this study. The lack of data about the
measurement of turbine natural frequencies, dependence on specific data fields, and
the limitations posed by the unavailability of the measurement wind turbine model
are notable challenges. Furthermore, the transferability of the model and whether the
model can be applied to various turbine types and operational scenarios, including

extreme events, remains to be tested.

4.4.1 Future work

Considering the fact that the model employed in this study is publicly available, and
the turbine manufacturer’s model is not accessible, the performance of the AGPR
for the purposes of this work is promising. For future research, there is an ambition
to extend this study and test the hypothesis mentioned in Section 4.3.8 on a tur-
bine equipped with sensors. Additionally, having access to more extensive and varied
data fields in SCADA would be beneficial. This would help in reducing measurement
uncertainties, particularly at higher wind speeds, and in fine-tuning the model for
outputs that more closely reflect reality. Ideally, access to the actual wind turbine

model would substantially enrich this research. Also, it is important to demonstrate
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the generalizability of this approach by implementing it on an offshore wind turbine

in future work.

In the realm of data-driven modelling, we employed AGPR for this study with
remarkable results. Nevertheless, exploring other methods, such as probabilistic neu-
ral networks or Bayesian neural networks, is crucial. Another avenue could involve
moving away from probabilistic models and experimenting with ANNs to map envi-
ronmental inputs to loads. Additionally, considering SCADA data as a time series
and employing a transformer, as discussed in [60], could provide a novel approach to
building a data-driven model that predicts loads based on a limited series of environ-
mental and controller inputs.

In this study, our focus was primarily on data from power production DLCs.
However, other significant events, such as shutdowns, gusts, and faults during a wind
turbine’s lifetime, can impact its structural integrity. These scenarios are crucial and

should be considered in future studies.
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Chapter 5
Conclusions and future work

“If one day I look out from my cabin’s porch and see a row of windmills
spinning in the distance, I won’t curse them. I will praise them. It will

mean we are finally getting somewhere.”
— David Suzuki

This chapter finalizes the dissertation by summarizing the main findings and the
assumptions used in the research. It then discusses possible future work and concludes

with propositions of this Ph.D. work.

5.1 Conclusion and main findings

Chapter 2 presented the development of a non-intrusive SM for time-marching aero-
dynamic simulations, utilizing PCE. The chapter detailed the aerodynamic model
implemented in this study. Afterward, the methodology for constructing PCEs was
outlined. A challenge in this work was overcoming the curse of dimensionality, which
was addressed here by adopting a reduced Veers model. The study demonstrated that
an increase in the number of simulations leads to statistically consistent results over
time. This finding indicates that constructing a limited number of SMs, or potentially
just one, is adequate for the length of the simulations. In essence, the passage of time
has a minimal impact on sectional statistics. Therefore, it is feasible to build precise
SMs by decreasing simulation lengths and increasing the number of simulations. The
results showcased a fourth-order polynomial SM, based on 2002 simulations, each

lasting 2 seconds, providing accurate results in extensive MCS. The efficiency of the
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SM was due to its computational time effectiveness compared to aerodynamic simu-

lations and the building of the model, alongside running MCS for precise statistics.

Chapter 3 explored using a sequential ML model to construct an SM that corre-
lates high-resolution wind time series with the DEL of wind turbine components. The
methodology involved two approaches: a) a three layer FCNN architecture that maps
wind time series input variables to DEL as the reference case and b) a TCN-FCNN
architecture for mapping synthetic wind time series to DEL. The process comprised
defining input variables, generating synthetic wind time series, conducting aero-servo-
elastic simulations, and calculating DEL. The initial phase involved defining the input
variable space, followed by generating non-repetitive samples using QMC Sobol’s sam-
pling technique. Synthetic wind time series were then created using TurbSim, based
on these samples. Subsequent aero-servo-elastic simulations were performed using an
NREL 5MW reference wind turbine model and OpenFAST, adhering to IEC stan-
dards. The simulation output provided load time series data for various wind turbine
components. DEL calculations were based on these data, using the Palmgren-Miner
linear damage rule. The DEL database was then segmented into training and testing
sets to train and evaluate the SMs. The results indicated that incorporating certain
input features, such as tower top acceleration time series, improved the accuracy of
predicting tower bottom side-side moments for TCN-FCNN architecture. The FCNN
architecture, though simpler, offered competitive predictive accuracy. The study also
assessed the TCN-FCNN model’s capacity to predict DEL for turbines in wake con-
ditions, a scenario unaddressed by the FCNN SM. Findings showed that TL on a
limited dataset could accurately forecast the DEL of a turbine in the wake. A sensi-
tivity analysis showed that both TCN-FCNN and FCNN SMs remained accurate with

a small number of training samples, indicating their practical efficiency and versatility.

Chapter 4 exhibited the efficacy and robustness of AGPR in the realm of wind
turbine asset reliability. The research highlighted the advanced predictive capabilities
of AGPR, particularly in addressing the heteroscedasticity inherent in wind turbine
operational and simulation data. The study elaborated on how AGPR is trained
on hybrid datasets, which combine real-world measurements with simulated data to
create a comprehensive model. This approach provides a reasonable understanding
of the data and enhances the predictive accuracy of the AGPR model. AGPR shows

the potential to accurately model and predict loads and accelerations based on a
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range of inputs, including those obtained from SCADA systems, while being trained
on publicly available model outputs. The validation of the AGPR model predictions
research demonstrated its reliability and accuracy. The performance of the AGPR
models in predicting loads under various operational scenarios highlights its practical
applicability in real-world settings. The paper pointed out the potential for AGPR

to serve as a primary tool in the predictive maintenance of wind turbines.

5.2 Research Assumptions

This research, similar to any scientific endeavour, is based on certain simplifying
assumptions, which are integral to the modelling approaches in the various chapters.
Future work will aim to address and potentially relax these assumptions. These are

detailed as follows:

e In Chapter 2, I employed the NREL 5MW model, developed in Python. This
model accurately represented the full NREL 5MW rotor but did not include a
controller. For simplicity, the wake was modelled as static (frozen wake), as in-
corporating a dynamic wake was computationally intensive without significantly

enhancing the research value.

o In Chapter 2, to circumvent the curse of dimensionality, a simplified version of
the Veers model [1] was employed. Recognizing the limitations of this approach,
in Chapters 3 and 4, I utilized TurbSim along with full-field turbulent wind.

o For Chapters 3 and 4, I used the complete NREL 5MW model with all degrees
of freedom. Some simplifications were made in the simulations: yaw misalign-
ment scenarios were not included, and only the power production DLC with
the normal turbulence model was considered. These assumptions reduced the
number of simulations required without notably impacting the SM’s accuracy

and performance.

o Chapter 3 introduces a simplified wake model. Given the complexity of wake
dynamics, a critical topic in wind energy research, this model encapsulates
the fundamental principles of wake theory while remaining straightforward to

implement in simulations.
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e In Chapter 4, a year’s worth of SCADA data was analyzed, focusing exclu-
sively on power production data where the generated power exceeded zero.
This filtration was crucial for aligning simulations with SCADA measurements,

eliminating irrelevant data points.

e Also, in Chapter 4, the AGPR length scale and the number of inducing points
were kept constant across different output channel training sessions. While op-
timization of these parameters could potentially improve fit, preliminary studies

indicated minimal gains relative to the effort required.

o The wind turbine model utilized in Chapter 4 was the unmodified NREL 5MW.
This was primarily due to limited data availability regarding the specific turbine

under study (e.g., tower frequency or controller settings).

5.3 Future work

Embarking on a PhD journey often evokes mixed feelings about future research di-
rections. While there might be a tinge of regret for not exploring certain topics, there

is also a sense of relief and accomplishment in passing the baton to future researchers.

e The overarching aim of this research has been to develop a comprehensive,
versatile SM capable of mapping wind time series to load statistics or time
series, applicable to any turbine type, under varying conditions and locations.
Although achieving this goal extends beyond the scope of a single Ph.D. tenure,

this dissertation has laid the groundwork for such an SM.

I initially explored PCE as a SM, but due to its complexities and the curse of
dimensionality, the work was limited. A major problem in PCE is the curse
of dimensionality resulting from the number of random variables. In synthetic
unsteady wind scenarios, particularly in wind turbine engineering, this number
of random variables can reach the order of thousands [1]. A viable solution for
identifying random variables in wind time series involves employing a variational
autoencoder [8]. This approach allows for training a variational autoencoder
to generate new sets of unsteady wind from distributions in its latent space,

effectively reducing the need for thousands of random variables and inverse
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Fourier transformations. The resulting probabilistic latent space could then be
applied as input to PCE SMs.

Revisiting PCE SMs for alternative applications is also essential. For instance,
in wave energy engineering, the inherent nature of waves requires significantly
fewer random variables, making PCE a suitable method for developing SMs
for wave energy converters. Another potential application is airborne wind
aerodynamic modelling, which, despite simpler aerodynamics compared to con-
ventional wind turbines, presents challenges in determining relevant random
variables for the SM. PCE may also be beneficial in bridge engineering, where

wind loads are crucial, as these structures generally have simpler aerodynamics.

The application of the POD-PCE methodology focused on normal power pro-
duction conditions (DLC 1.2). One challenge encountered was energy distri-
bution across considerable POD modes in unsteady wind time series. Alterna-
tively, applying POD-PCE for gust-related DLCs, such as DLC 2.3 or DLC 4.2,
may capture energy in fewer modes, facilitating the use of POD-PCE SMs.

As turbines increase in size, the limitations of BEM become more apparent,
particularly in handling the flexibility of larger wind turbine blades [4]. Lifting
line models, though computationally more expensive [5], present an opportu-
nity for SM development. The feasibility of constructing intrusive PCE SMs
on lifting line models has been demonstrated [1], suggesting potential areas for

further exploration.

In Chapter 3, I employed a sequential machine learning method to construct
a SM capable of mapping wind time series to DEL. The next rational step in
this research is to extend this approach to offshore wind and investigate its be-
haviour with floating offshore wind. It is worth noting that I did not account
for any yaw misalignment in the simulations, which could be a valuable direc-
tion for future research. Additionally, developing a more complex wake model
and observing its effect on the SM under varying wind directions would be an
exciting area of exploration. In a related area of interest, I could train a SM on

the loads from one turbine in a freestream and extend it to other turbines in a
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wind farm, leveraging transfer learning despite differences in the wakes for each

turbine.

During the research on sequential ML, I developed methodologies to predict
load time series from wind time series utilizing SMs. However, since I primarily
use load time series to extract extreme or fatigue loads, I have set that project
aside. One interesting area for future work is revisiting the time-series to time-
series approach and exploring the possibility of generating load time series from
wind time series. Different methodologies can be employed here, but there are
two particularly encouraging ones. One approach involves using two autoen-
coders [2], one for wind time series and one for load time series. After training
these models, we connect the encoder and latent space of the wind time series
to the latent space and decoder of the load time series, with a FCNN map-
ping between the latent spaces. The second approach is to use transformers
[9]. However, transformers are known for being data-hungry [3], which may
pose a challenge in this context. A time-series to time-series SM has different
applications, especially for controllers and time-marching DT. Throughout my
research, I did not have access to high-resolution field measurement data on real-
world operating machines. Therefore, a potential avenue for future work would
be to build a SM using such data. However, since high-resolution measurement
data is rare, I recommend training a SM based on synthetic data. With transfer

learning, one could then develop a SM based on the measurement data.

Regarding the applications of the TCN-FCNN, a possible future work could be
to use the SM model for the optimization of wind farm layout, particularly for
floating wind turbines where the wake effect may have a notable impact on the
structural loads [10]. This involves employing the SM to predict the loads on a
floating offshore wind in the wake, which is a more complex dynamic. Although
the TCN-FCNN model was not intended for the wind turbine design optimiza-
tion loop, it would be interesting to explore its potential for such a purpose. One
possible future work is to train the SM on a large dataset and then use trained
SM for design optimization. After each optimization loop, the updated model
can be used to generate a smaller database with fewer simulations, but use the
TL to retrain the SM. The updated SM can then generate a large dataset that
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can be used for design optimization.

I used a publicly available wind turbine model for the AGPR study. One of my
challenges was the lack of data concerning the turbine for which I had access
to the SCADA data. In the future, having access to the structural dynamics
characteristics and controller settings of the measurement wind turbines would
be very helpful. This information would allow us to fine-tune our model and
controller before running the simulations. This process would significantly im-
prove the quality of our simulations. On another note, although the simulations
were based on the power production DLC, I found that the SCADA data con-
tained much more information than that. In future studies, one could identify
the DLC based on the reported errors in SCADA and run them to cover a wider
range of wind turbine behaviour. Another challenge I encountered was the lack
of data for higher wind speeds. Ensuring access to a longer period of SCADA
data would resolve the issue.

The data-driven model utilized AGPR, but there are numerous other options
available. One potential avenue for future work could be to adopt a determin-
istic approach and train an FCNN on the hybrid data. This approach involves
utilizing FCNNs to map the wind speed mean and std from the SCADA to the
Qol of the loads from the hybrid database. Additionally, exploring probabilis-
tic neural networks [7] for this problem could be intriguing. One drawback of
AGPR is the assumption that the output distribution is a Gaussian distribu-
tion, whereas the results in Chapter 4 indicate that it is not. Future work could
include implementing a probabilistic regression model that is not confined to
the Gaussian distribution [6]. Another interesting approach could be to use a
transformer [9] on a lengthy stretch of SCADA data, with transformer training
involving the DEL at the various turbine components. This would entail cre-
ating a hybrid database of simulations based on a lengthy stretch of SCADA
data, calculating the DEL for each simulation, and training a transformer that
maps the SCADA data to the DEL. Then, by providing a new SCADA, we can
hope that it will accurately predict the DEL.
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e The research conducted on AGPR was primarily based on simulation data as
I did not have access to instrumented turbine data. However, it would be ex-
tremely beneficial to verify the simulation model and AGPR output for DEL
and other Qol by utilizing measurement data. This would significantly enhance
the research. Another potential future initiative is to implement this approach
on an offshore wind turbine equipped with wind and wave measurement instru-
ments and possibly an array of sensors. If such a turbine is available, it would
facilitate the validation of the simulations and AGPR model.

5.4 Proposition

In the Netherlands, a component of composing a Ph.D. dissertation involves articu-
lating propositions. These propositions ought to be both contestable and defensible,
serving to demonstrate that the Ph.D. candidate has not only mastered their spe-
cific research area but also honed their capacity for philosophical thinking. Essen-
tially, they are required to illustrate that philosophy remains an integral aspect of
the doctoral degree. In adherence to this esteemed tradition, I present the following

propositions:

o In data-driven modelling, the significance of data sampling often surpasses the

choice of the model utilized.

e Addressing climate change effectively requires policy changes rather than tech-

nological advancements, achievable through democratic or non-democratic means.

e The commodification of climate change risks reducing our response to merely
adopting marginally less harmful consumerism rather than addressing the fun-

damental issue of excessive consumerism itself.

o Pursuing unlimited development on a planet with finite resources is unsustain-
able.

e Providing free public mental health services is crucial for addressing the mental

health crisis.!

1“The State of Mental Health in America”, Mental Health America. https://www.mhanational.
org/issues/state-mental-health-america


https://www.mhanational.org/issues/state-mental-health-america
https://www.mhanational.org/issues/state-mental-health-america
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o High levels of individualism in North America are a key component of the

widespread loneliness epidemic.?

e The commodification of racial, gender, and sexual minorities trivializes their

struggles, reducing them to the level of commercial goods.

e Cancel culture may inadvertently perpetuate more discrimination than it aims

to resolve.

o Implementing a high tax on the wealthiest 1% to fund sustainable infrastructure
and farming, scientific research, free public healthcare, and education can reduce

excessive wealth inequality in modern societies.?

o Humans often struggle with accurately extrapolating and quantifying uncer-
tainties, leading to overly optimistic or pessimistic predictions.

o Making decisions and how we act on them are more important than the decisions

themselves.

e Online dating resembles a Monte Carlo sampling of normal distributions, seek-

ing samples a couple of standard deviations from the mean.

e “The pandemic made it clear that science touches everything, and everything

touches science.”*

20ffice of the Surgeon General (OSG), Our Epidemic of Loneliness and Isolation: The U.S.
Surgeon General’s Advisory on the Healing Effects of Social Connection and Community. http:
//www.ncbi.nlm.nih.gov/books/NBK595227/

3¢Tax on Extreme Wealth”, Bernie Sanders Official Website. https://berniesanders.com/
issues/tax-extreme-wealth/

4E. Yong, “What Even Counts as Science Writing Anymore?,” The Atlantic. https://
www.theatlantic.com/science/archive/2021/10/how-pandemic-changed-science-writing/
620271/


http://www.ncbi.nlm.nih.gov/books/NBK595227/
http://www.ncbi.nlm.nih.gov/books/NBK595227/
https://berniesanders.com/issues/tax-extreme-wealth/
https://berniesanders.com/issues/tax-extreme-wealth/
https://www.theatlantic.com/science/archive/2021/10/how-pandemic-changed-science-writing/620271/
https://www.theatlantic.com/science/archive/2021/10/how-pandemic-changed-science-writing/620271/
https://www.theatlantic.com/science/archive/2021/10/how-pandemic-changed-science-writing/620271/
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